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Abstract 
This thesis examines the differences in the effects of unemployment rates on the individual decision 

to enroll in higher education in socioeconomically different European countries. The examined period 

is 2004-2013 for Austria, Denmark, Hungary, Italy and Spain. Important factors according to 

Becker’s (1993) Human Capital Theory are compared to previous literature to determine what factors 

are paramount in educational decisions. Data from the public use files of the Labour Force Survey is 

used together with data from Eurostat. With a logit model, it is found that the effect of unemployment 

on the decision to enroll in higher education in Denmark, Hungary and Spain is countercyclical. In 

contrast, it is procyclical in Austria and Italy, though the minor variation in the Austrian 

unemployment rates does not warrant certain conclusions. Results in Denmark, Italy and Spain are 

robust to various changes. It is argued that the differing effects across countries mainly stem from 

differences in the cost of schooling, median income, return to education, and the possibility of 

working part-time while studying. A concern regarding the results is whether omitted variables bias 

is present. For future studies, better interpretation of the enrollment decision within countries and 

comparisons between countries could be obtained with more detailed data. 
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1. Introduction 
In January 2008, the financial crisis, also known as the Great Recession, hit the Euro area. This had 

severe consequences for the economic activity, which sharply declined across the globe. In the Euro 

area, the Great Recession involved two recessions, though the second was less impactful. The first 

recession started in the first quarter of 2008 and ended in the second quarter of 2009, and the second 

started in the third quarter of 2011 to the first quarter of 2013 (CEPR, 2017). This led to higher 

unemployment rates, and in the Euro area, the unemployment rate went from 7.3% in January 2008 

to the peak in January 2013 at 12.1%. Young people were also affected by the economic crisis, and 

the unemployment rate for people under the age of 25 went from 15.2% in January 2008 to 24.8% in 

February 2013 (Eurostat, 2021a).  

 

Figure 1. Unemployment rates in Euro Area 

 
Source: Eurostat (2021a). 

 

Poor economic conditions can affect young people’s educational decisions. On the one hand, it is 

sensible to expect that pursuing further education is a good alternative to joblessness or bad career 

prospects when fewer jobs are available. On the other hand, some economic consequences arising 

from the recession could have the opposite effect. These could be educational budget cuts affecting 

educational quality, tuition fees, and the availability of public and private financial aid given to 

students. Further, a decrease in family income that may prevent young people from attending 

education, or a decrease in the availability of part-time jobs to work in during education could make 

enrollment more difficult (Ayllón & Nollenberger, 2020).  
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1.1. Problem 
This thesis explores the relationship between the unemployment rate and young people’s decision to 

enroll in higher education in different countries in Europe. The term “higher education” refers to an 

educational level of ISCED level 5 and above (Eurostat, 2020a). This is equivalent to an educational 

level above high school, e.g., university, college, and some trade schools. Europe is chosen because 

of access to relevant data, the existing differences in the countries, and because it has not been 

analyzed as much as the US. The countries examined are chosen so they represent different parts of 

Europe, both geographically and socioeconomically. Here, socioeconomic differences are defined as 

institutional, cultural, and economic factors in which the countries differ. This is done to be as 

representative of Europe as possible and to examine if the individual decision to enroll in higher 

education is constant across different socioeconomic conditions. Hence, the chosen countries are 

Austria, Denmark, Hungary, Italy, and Spain. Socioeconomic differences are correlated with different 

parts of Europe, and therefore it is relevant to examine countries that represent Northern, Southern, 

Eastern, Western, and Central Europe (OECD, 2017). These differences are, for example, observed 

with regard to GDP per capita (Eurostat, 2021b), unemployment (Eurostat, 2021a), income (Clark, 

2020), the financial support during education (Eurydice et al., 2018), and whether students combine 

part-time work and studying (OECD, 2012a). However, the countries also have some fundamental 

things in common. They are part of the political and economic union, the European Union (EU), they 

have similar and free healthcare (HealthManagement, 2010; InterNationsGo, 2020; WHO, n.d.-a, 

n.d.-b), and most European universities cost the same for European students as it does for domestic 

students (Eurydice et al., 2018).  

 

The analyzed period spans from 2004-2013. This period is chosen because it includes a period of low 

and decreasing unemployment rates from 2004-2007 followed by significant increases in the 

unemployment rates from 2008-2013. Thus, it is the perfect period to analyze the relationship 

between changes in the unemployment rate and enrollment in higher education. 

 

In academic literature, studies on the effect of the unemployment rate on young people’s educational 

decisions have been done before. Many scientific articles have been written on the subject, examples 

being Petrongolo and San Segundo (2002) and Sievertsen (2016) examining one specific country, 

Ayllón and Nollenberger (2020) examining all of Europe combined, and Johnson (2013) comparing 

American states. However, a comparison across different European countries using the same model 
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has not yet been made to our knowledge. Therefore, this thesis fits well in the existing literature and 

presents a new angle on the subject.  

 

1.2. Research Question 
The research question that this thesis examines is as follows: 

 

How do changes in the unemployment rate affect individual educational enrollment decisions in 

socioeconomically different European countries?  

 

This thesis seeks to compare the effect of an increase in the unemployment rate on the enrollment in 

higher education of young people aged 15-24 in the period 2004-2013 in Austria, Denmark, Hungary, 

Italy, and Spain.  

 

First of all, it is essential to understand how educational decisions are made in general. Furthermore, 

this research question implies that socioeconomic conditions have an impact on educational 

decisions. To answer the research question, it is thus necessary to consider which socioeconomic 

conditions are important for the decision to enroll in higher education and how they are different 

across the countries.  

 

1.3. Summary of Methodological Approach 
Different methods are used to answer the research question. In this section, these methods are 

presented briefly. 

 

In the theory section, Becker's (1993) Human Capital Theory determines which variables should 

influence the enrollment decision. According to the theory, initial human capital, the effort put into 

education, discount rate, and efficiency of effort put into education influence the choice of length of 

education. At the same time, marginal returns and costs affect whether to undertake the decision at 

all. The existing literature is used to back up the empirical approach. The results of the previous 

literature are compared to the results of this analysis. 

 

The analysis performed in this thesis is an empirical analysis based on data from the EU Labour Force 

Survey Public Use Files and Eurostat on the countries Austria, Denmark, Hungary, Italy, and Spain 
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for the period 2004-2013. More specifically, regressions are done on the separate countries, and the 

results are compared. Since the dependent variable of the regressions is binary, namely if an 

individual is enrolled in higher education or not, the logit regression model is used. The regressions 

are performed using the programming language R and the often accompanying software RStudio. 

Regressions are performed with different types of unemployment rates, with the additional variables 

GDP per capita, seasonality, and the absolute wage gap, and by splitting the data into males and 

females. The interpretations of the results compare the socioeconomic differences between the 

countries to seek an explanation of eventual differences in the results. Lastly, robustness checks are 

done to see whether the results stay the same when the model specification is edited.  

 

1.4. Structure of Thesis 
Below, the structure of the thesis is presented to give the reader an overview and an understanding of 

the different sections.  

 

In Section 2, Becker's (1993) Human Capital Theory is introduced. The theory is described, and 

factors that influence educational decisions according to the theory are compared to potential 

variables from the data. Following is the literature review in Section 3. Here, previous studies are 

discussed, and the variables used in the existing literature are compared to the potential variables 

presented in the theory section. Section 4 is the methodology section, where the data and regression 

model are presented. Afterward follows Section 5, describing the socioeconomic differences between 

the examined countries. The differences that are focused on are chosen from what is believed to 

influence educational decisions the most. In Section 6, the analysis is performed. This is the most 

crucial section of this thesis, as it is where the regressions are made, and the results are discussed and 

interpreted. It is split into subsections, where the first subsection is a descriptive analysis of the data. 

The two main factors, unemployment rates and the individual's educational level, are described on a 

more aggregate level in this subsection. Next is the results section, and the interpretation of the results 

and how they relate to the theory and socioeconomic differences are presented. Following is a 

subsection with robustness checks, where various changes are employed to see if the results change 

considerably. The analysis ends with a critique section, discussing the model, data, and results. 

Moreover, a discussion of the validity of the results is done in Section 7. Finally, Section 8 concludes 

this thesis. 
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2. Human Capital Theory 
In this section, Becker’s (1993) human capital theory is discussed in accordance with the research 

question of the thesis. This section is divided into three parts. The first describes why education is 

essential. The second describes the motivation behind educational decisions, a cornerstone in 

Becker’s (1993) human capital theory. Lastly, the key motivational factors, according to the theory, 

are compared to variables that are available in practice. Understanding how people decide on 

education contributes to understanding which variables to include in the regressions later in the thesis. 

It should be mentioned that this thesis does not seek to test this theory, but rather the theory is used 

to help answer the research question. 

 

2.1. Why education is important 
Becker’s human capital theory is fundamental when discussing how the decision to enroll in higher 

education is made. Becker (1993) defines human capital as capital that cannot be separated from the 

person it belongs to. This includes knowledge, skills, and health. Improvements in human capital can 

raise earnings, increase a person’s efficiency and productivity, or improve health. The most critical 

investments in human capital are education and training. More specifically, he distinguishes between 

general training and specific training, which in broad terms can be considered as general education 

and on-the-job training, respectively. On-the-job training is an important part of the theory, but as 

this thesis concerns education only, on-the-job training is not considered.  

 

Education is essential for several reasons. For the person in question, it is essential because education 

raises the person’s lifetime income. In the US, both high school and college education have been 

shown to considerably raise a person’s income, even after netting out direct and indirect costs of 

schooling and adjusting for family backgrounds and abilities (Becker, 1993). Furthermore, unskilled 

workers tend to have more unstable jobs and change jobs more often than skilled workers (Becker, 

1993). 

 

Multiple studies have also shown that education improves health, improves the knowledge of birth 

control, reduces smoking, reduces crime, raises the propensity to vote, and stimulates the appreciation 

of classical music and literature (Becker, 1993). Additionally, about one-fourth of economic growth 

in the US between 1929 and 1982 can be explained by increases in schooling for the average worker. 

The same goes for the growth in the so-called Asian Tigers like Japan and Taiwan (Becker, 1993). 
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2.2. Becker’s Theory of Human Capital  
This section focuses on the relation between earnings and human capital and a central part of the 

human capital theory called the law of motion of human capital. In Becker’s human capital theory, 

education is an investment that can produce earnings in the future. This is only the case if wages 

reflect differences in productivity acquired from education. The costs of this investment are both the 

direct expenses of study and the potential loss of earnings, also called opportunity costs. The law of 

motion of human capital describes how, based on this premise, an individual can change their human 

capital and how the decision of duration of education is made. The descriptions in this section follow 

the description by (Cahuc et al., 2014). 

 

In a simple model, where only general training is considered, a worker acquires i general training and 

produces a quantity equal to !(#). In perfect competition, the worker gets wage %(#) = !(#).  

 

The worker must, under such circumstances, bear the total cost of training themselves. If a firm 

invested in training a worker, the firm would pay lower wages compared to other firms, %(#) < !(#). 

Hence, the worker has an interest in finding another firm paying %(#) = !(#) right after finishing 

general training. When i is considered the cost of investments in training, the optimal investment 

decision then maximizes !(#) − #, which has its optimum at !!(#) = 1. In this case, !′(#) is equal to 

marginal return to training, and the marginal cost is equal to 1. This means that a worker should invest 

in general training as long as the marginal return to training is larger than the marginal cost.  

 

Education is an accumulation of human capital. With the choice of education, there is also a choice 

of duration of education. The theory introduces the law of motion of human capital to explain this. 

An individual can acquire education starting at date + = 0, and their life in the labor force ends at 

date . > 0. The model is a continuous-time model in which the individual’s preferences are 

represented by an instantaneous utility function equal to their current earnings and a discount factor 

0 > 0. At every point in time, it is possible to either work or study. The individual can in every 

interval of time [+, + + 3+] choose to commit a fraction 5(+)	7	[0,1] of the interval to education. The 

law of motion of human capital is: 

ℎ̇(+) = :5(+)ℎ(+) 
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Where ℎ(+) is human capital, and : is the efficiency of effort made to become educated. This means 

that the relative increase "̇
"
 in the human capital of an individual who has decided to become educated, 

is proportional to individual efficiency : and effort in education 5(+).  

 

It is assumed that an individual with a stock of human capital of ℎ(+) at date + produces a number of 

goods ;ℎ(+) where ; > 0. It is also assumed that there is free entry into any type of job, which means 

that profits are zero and wages equal ;ℎ(+). An individual that dedicates 5(+) of [+, + + 3+] to 

education, dedicates 1 − 5(+) to work and thus receives ;[1 − 5(+)]ℎ(+)3+ in earnings. This gain 

discounted over a life cycle is: 

Ω = = ;[1 − 5(+)]ℎ(+)>$%&3+
'

(
 

 

From the two equations above, the change over time in marginal returns to education effort at time + 

can be derived as: 
3
3+ ?

@Ω
@5(+)A = ;ℎ(+)>$%&(0 − :) 

 

Here the marginal return to effort is negative at time . and increases over time when 0 > :. Thus, 

the efficiency of educational effort must be higher than the discount rate for an individual to have an 

incentive to enroll in education. Thus, an individual must be sufficiently patient, and the returns to 

education must be sufficiently high. 

 

In a state where 0 < : there may exist a date s, such that )*

)+(-)
= 0. As /

/&
B )*

)+(&)
C < 0, the marginal 

return to educational effort is positive when + < D and negative when + > D. This means that after 

date s, the educational effort is zero. Before date s, there is an interest in devoting all available time 

to education, hence 5(+) = 1 and after date s there is no interest in devoting time to education, hence 

5(+) = 0.	Here, ℎ(D) = ;ℎ(>0- and ℎ(+) = ℎ(D) for . ≥ + ≥ D. Since date s is defined by )*

)+(-)
= 0, 

s can be shown to be expressed as: 

 

D = G. +
1
0 ln J

: − 0
: K 		if	: ≥

0
1 − >$%'

0																													N+ℎ>0%#D>
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Here the duration of schooling increases with efficiency : and duration of life T and decreases with 

r. s is only positive when 0 < :(1 − >$%') which means that it might be optimal not to get any 

education when efficiency is too small or when the discount rate is too high. When an individual does 

not get any education, they preserve the same stock of knowledge throughout a lifetime, ℎ(, which 

equals a discounted gain of ;ℎ((1 − >$%'). According to the law of motion of human capital, the 

accumulated stock of human capital after education is ℎ1>0- which equals a gain of ;ℎ(>0- at all 

dates + ≥ D. This gain or wage increases with : both because each period of education augments the 

stock of human capital to a greater degree the more efficient the individual is, and because more 

efficient individuals study for longer periods. Furthermore, a person’s wage gain is dependent on 

their initial human capital, ℎ( or inherited human capital. 

 

2.3. Application of the Human Capital Theory to the Research Question  
In order to apply Becker’s human capital theory in the empirical analysis, it is central that the factors 

that are important according to the theory are incorporated in the empirical analysis. These are, as 

stated in the previous subsection, initial human capital ℎ(, the efficiency parameter :, the discount 

rate r and maybe effort put into education 5(+). However, these parameters are not measured directly 

in any dataset, and therefore other measurable parameters can be used as proxies. In the following, 

these different possible proxies are discussed. 

 

As for initial human capital ℎ(, family background is a good proxy. These can be factors like parents’ 

income, education, occupation, or wealth. It is known that minor differences in the preparation 

children get from their families are multiplied over time into significant differences when they are 

teenagers. Also, there is a relation between the income of parents and the income of their children. 

The earnings of parents and their children are more strongly related when parents are poorer, as 

wealthier families can pay for education and the earnings foregone. In contrast, more impoverished 

families might not be able to (Becker, 1993). The size of a family can also be a proxy for initial human 

capital. Spending per child and the number of children tends to be negatively related, and therefore a 

child with many siblings could have less initial human capital (Becker, 1993).  

 

As for the efficiency parameter :, it can be complicated to measure. Maybe it is inherited, and thereby 

some of the family background factors discussed above could be used. Otherwise, GPA from 

previously finished education could also be considered a proxy for efficiency.  
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As for effort put into education, 5(+), distinguishing between full-time and part-time students can be 

a good proxy. With the introduction of the date s, it could be argued that effort put into education 

could be left out.  

 

The discount rate, r, explains the relationship between income/cost today and income/cost in the 

future. The discount rate is usually positive, meaning that money is worth more today than it is 

tomorrow. If the discount rate is high, the value of money decreases fast, and when it is approaching 

zero, the value of money in the future is the same as the value of money today. Therefore, a person’s 

discount rate can be understood as the person’s level of patience. The discount rate is an essential 

part of evaluating an investment because it helps compare costs and income that occur at different 

points in time. Unfortunately, no observable variables could approximate the discount rate as it is 

determined by personal characteristics that are unmeasurable, like patience.  

 

Regarding education, it is fair to assume that income in the future increases with education and that 

there is a present cost of enrolling in higher education. This future income is depreciated back to the 

date of the decision, and if it is larger than the cost of education, education is a good investment. If 

cost outweighs future wage increases, it is not. Cost of schooling consists of not only direct costs, 

such as tuition fees but also indirect costs. One indirect cost of enrolling in higher education is missing 

out on payments a person could attain if that person were to get a job instead. If the unemployment 

rate increases, current job opportunities decrease, increasing the incentive to enroll in higher 

education. However, the opposite effect can also occur due to education cutbacks and fewer 

scholarships during recessions (Ayllón & Nollenberger, 2020).  

 

2.3.1. Theoretical considerations 

Spence (1973) proposed another well-acknowledged theory on education, in which education serves 

as a signal of efficiency. The idea is that education does not increase productivity but instead reveals 

intrinsic productivity. Those that perform best on the job market are also those that perform best while 

studying. Meaning, productive efficiency is an intrinsic characteristic of people, and people acquire 

education to signal their efficiency (Cahuc et al., 2014). In this model, the probability of acquiring 

education depends on factors that influence the efficiency of that person and on the efficiency level 

of other people. An important assumption for this model is that lower-efficiency people have higher 

costs of sending a signal. So, when unemployment rates are high, the job market becomes more 
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competitive for the suppliers of labor, and those with the “best” signal get the job. As with the initial 

human capital and learning efficiency in the human capital theory, parents’ characteristics are likely 

to explain the efficiency level of an individual. The effect of the unemployment rate is still related to 

the opportunity costs of education, and so does not change much in interpretation. 

 

Meanwhile, other factors related to the resources available to a family believed to be relevant in the 

human capital theory, such as household size, number of siblings, and parents’ wealth or income, are 

not directly implementable in signaling theory. Furthermore, it ignores the opportunity of 

accumulating human capital. Generally, education is probably more than just sending a signal, as “the 

numerous empirical studies dedicated to the problem suggest that education does improve individual 

efficiency” (Cahuc et al., 2014, p. 214). 

 

2.4. Sectional Conclusion 
Education is essential, as it improves future income, job stability, and health on an individual level. 

It is the most significant measurable contributor to economic growth in the last century on a global 

level. Hence, educational decisions have a massive impact on individual lives and global economies. 

In Becker’s (1993) Human Capital Theory, the choice of studying depends on the marginal return 

and cost of education, as well as initial human capital ℎ(, the efficiency parameter :, the discount 

rate r and maybe effort put into education 5(+). As these factors are unobservable/unmeasurable, 

proxies can be used. For initial human capital, family background or number of siblings can be used; 

for efficiency, family background and previous grades; for the discount rate, there are no direct 

proxies as it has to do with patience, and as for effort put into education, distinguishing between full-

time and part-time students can be applied. Changes in the unemployment rate can change the direct 

and indirect cost of education and, thus, determine whether education is a good investment. 

 

3. Literature review 
This section describes some of the existing literature on the topic of this thesis. Educational 

enrollment in both Europe and the US is described. The possible variables discussed above are 

compared to the variables used in the regression models made in the described literature. 
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The discussed literature is about the effect of changes in labor market conditions, more precisely the 

unemployment rate, on the decision to enroll in further education. Few studies find a procyclical 

effect on enrollment, meaning that a decrease in the unemployment rate leads to increased educational 

enrollment. One example is Bedard and Herman (2008), who find a procyclical effect on male 

master´s degree enrollment in the US. However, most papers find a countercyclical effect, meaning 

an increase in the unemployment rate leads to increased educational enrollment.  

 

Previous academic research on labor market conditions’ effect on enrollment in education in Europe 

and the US is presented in the following subsections, and the results are discussed briefly. The focus 

is on various distinct levels of post-compulsory schooling, and different unemployment measures are 

used, i.e., youth unemployment, adult unemployment, general unemployment, or some combination 

of these. As control variables, many different characteristics are used depending on availability and 

theory, and some connections are established between educational enrollment and characteristics of 

the family and individual. 

 

3.1. Enrollment in Europe 
In a paper by Ayllón and Nollenberger (2020), the cyclicality of educational enrollment is analyzed 

for 28 countries in Europe. The authors use data from the EU-SILC for the period of the Great 

Recession, 2004-2014, and match it with youth and total unemployment rates on a country- and 

regional level. They choose the EU-SILC as it has detailed data on individuals and households, allows 

for comparative analysis across Europe, and covers the period before and after the Great Recession. 

Their analysis is further split into subgroups to examine the effect of individual and household 

characteristics on enrollment decisions. Two primary samples are presented for the analysis: a 

longitudinal part where individuals are followed for four years and a cross-sectional part. The 

longitudinal part is further split into two samples: one that looks at transition back into education and 

one that looks at school retention. The authors use a logit model with fixed country/region and time 

effects, with several control variables. The dependent variable is whether a person is currently 

enrolled in education, which can be any type of education from high school and above, as the sample 

includes people aged 17-29. However, as part of the subgroup analysis, they split the dependent 

variable into enrollment in high-school, vocational programs, and enrollment in university studies. 

From the longitudinal part of the analysis, the authors find that more students transition back into 

education and that students are more likely to stay in school when labor market conditions are bad. 
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More interestingly for the topic of this thesis, they find a significantly positive relationship between 

the total unemployment rate and enrollment in education across Europe, which also shows robustness 

to using the youth unemployment rate and various other changes. The effect is driven by enrollment 

in both non-compulsory secondary education and university. Importantly, they find that young 

individuals from households with low income experience a procyclical effect of unemployment rates, 

which is argued to happen because of education cutbacks and fewer scholarships during the recession. 

 

While Ayllón and Nollenberger (2020) looked at all of Europe, other authors have looked at the effect 

in individual countries in Europe for different periods. Petrongolo and San Segundo (2002) look at 

the staying-on rate for 16–17-year-olds ending compulsory education in different Spain provinces. 

They reason that, on the one hand, the high youth unemployment may drive young people to postpone 

their entrance to the labor market. On the other hand, adult unemployment may reduce the returns to 

education through poor employment prospects for the future. They also argue that parental education 

can substantially impact children´s educational decisions, as it can be a proxy for the children’s ability 

levels, and it may affect children´s preferences. To test what is most important, they run regressions 

on cross-sections of data for three years; 1987, 1991, and 1996 with most focus on 1991, which 

allowed for some more specified unemployment rates data. They use a logit model, where the 

dependent variable is if a person was receiving education within the previous four weeks of the 

interview, either in the general or vocational system. Separate regressions are done, including youth 

unemployment, general unemployment, various family background characteristics, regional fixed 

effects, and control variables. When only including one unemployment rate measure, the results show 

a significant positive effect for enrollment of males but insignificant for females. With two 

unemployment measures included, the adult unemployment rate has a significant negative effect. In 

contrast, the youth unemployment rate has a significant positive effect for both males and females, 

which is in line with the reasoning explained above. Importantly, they also find that parents´ 

education is the primary determinant of enrollment of 16- to 17-year-olds, implying a substantial 

cultural inheritance from parents and persistence in the stock of human capital. 

 

Complementary to what has been shown in Spain, Sievertsen (2016) looks at how local 

unemployment affects high-school graduates’ decision to enroll in further education in Denmark. 

While various family characteristics are included, the focus is on the cyclicality of enrollment using 

two different unemployment measures: unskilled and skilled. He uses administrative data on all high-
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school graduates from 1984 to 1992, whereafter the individuals are followed for 11 years to determine 

both the long-run and short-run effect of business cycle fluctuations. Here, local labor markets are 

defined as commuting zones, and he computes the unemployment rate for these commuting zones. 

He uses a linear probability model and finds that an increase in the local unemployment rate positively 

affects the probability of continuing school, both in the long and short run. For the short-run effect 

(immediate enrollment after high school), unskilled unemployment has a positive effect, while skilled 

unemployment has a negative effect. Theoretically, it is argued that an increase in unskilled 

unemployment reduces the opportunity cost of further education, while an increase in skilled 

unemployment reduces expected returns to education. The long-run effect is also visible on 

enrollment within ten years. However, the effect is smaller and less significant, which indicates that 

local labor market conditions at the time of high school graduation might influence a student’s 

decision to enroll at all. The effect in both the short- and long run is especially noticeable among 

children of parents with no college degrees.  

 

3.2. Enrollment in the US 
Likewise, to what is seen in the above literature on Europe, a countercyclical relationship between 

the business cycle and school enrollment is found in most other papers analyzing the United States 

as well. While the United States has a different schooling system compared to many European 

countries, the effect of unemployment on school enrollment has been assessed from many different 

angles. One is Johnson (2013), who examines graduate school enrollment in the US from 1994-2010. 

Using data on people with Bachelor´s degrees from the Current Population Survey (CPS), the author 

looks at the difference between part-time and full-time graduate school enrollment. With a probit 

model, he finds that graduate school enrollment is countercyclical for women and insignificant for 

men. For both men and women, it is found that students substitute full-time enrollment for part-time 

enrollment during times when labor market conditions are bad. He argues that labor market conditions 

have an ambiguous effect on full-time enrollment because, as argued in the case of Europe, finding a 

job might be more challenging. Additionally, students might not be able to earn or borrow money in 

poor economic times. Hence, they cannot finance graduate school. 

 

3.3. What is the effect on enrollment? 
In most of the literature presented above, the authors find a positive relationship between 

unemployment rates and enrollment in education. In general, there is a positive effect visible across 
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the different types of schooling and countries presented above, also when controlling for various 

demographic and family characteristics like age, gender, income, and parents’ education, except for 

some specific groups. Examples being Johnson (2013) finding an insignificant effect for men´s 

enrollment in graduate school, or Sievertsen (2016) finding a negative relationship between skilled 

unemployment and further education. Apart from just unemployment, the control variables seem to 

have different effects depending on which group of individuals are analyzed. For 16-17 year-olds in 

Spain, Petrongolo and San Segundo (2002) find that the decision to continue into secondary general 

or vocational education is highly positive if the parents have completed higher education as well. 

Enrolling in post-secondary education in Denmark is more positively affected by an increase in the 

unemployment rate for people whose parents have no college degree (Sievertsen, 2016).  

 

These different effects are noteworthy though it is important to distinguish between post-compulsory 

and post-secondary education because there generally are some years difference between when an 

individual has completed compulsory- or secondary education. As this thesis aims to present a 

standardized analysis to assess the differences between countries, on a general level, it is expected 

that enrollment in higher education is countercyclical in most countries. However, differences in 

decisions to enroll can be caused by many factors, which are elaborated on in the section on 

socioeconomic differences between countries. Thus it is expected that the effects are not identical 

across the examined countries. 

 

3.4. Comparison of Variables from Existing Literature and Proxy Variables Discussed 

in Theory Section 
Apart from theory and data availability, the variables used in the analysis in this thesis are chosen 

based on the presented literature. The subset of variables included in the regressions in the four main 

papers presented above can be seen in Table 1.  
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Table 1. Variables used in literature 

Variables Johnson (2013) Petrongolo and San 
Segundo (2002) 

Sievertsen (2016) Ayllon and Nollenberger 
(2020) 

Gender X X X X 
Age X X X X 
Marital Status X    
Family Income X  X X 
Race / nationality X  X  
Type of education X  X X 
GPA   X  
Youth / adult 
unemployment 

 X X X 

Skilled / unskilled 
unemployment 

  X  

Number of 
siblings/family members 

 X X X 

Siblings education   X  
Parents education  X X  
Parents wealth   X  
Parents unemployed  X X  
Local unemployment  X X X X 
Unemployment gender  X   
Parents occupation  X   
Not present parent  X   

Note: The exact specification of the variables included may vary. 

 

According to the theory, initial human capital, efficiency of effort put into education, discount rate r, 

and maybe effort put into education are the most crucial factors in educational decisions. As discussed 

previously, these are not measurable, but other measurable variables could be used as proxies in actual 

regressions. It was discussed previously that for initial human capital, family background or number 

of siblings can be used. For efficiency, family background and previous grades can be used; there are 

no direct proxies for the discount rate as it has to do with patience. As for effort put into education, 

distinguishing between full-time and part-time students can be applied.  

 

As far as the existing literature is concerned, both Johnson (2013), Sievertsen (2016), and Ayllón and 

Nollenberger (2020) have family income as an independent variable in their regressions. The number 

of siblings/family members is also used as a variable by Petrongolo and San Segundo (2002), 

Sievertsen (2016), and Ayllón and Nollenberger (2020). Also, siblings’ education, parents’ education, 

parents’ wealth, and parents’ employment status are used in the existing literature (see Table 1). These 

could all be proxies for initial human capital or the efficiency parameter. Otherwise, Sievertsen (2016) 

includes the GPA of previously finished education as a variable, which could also be considered a 
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proxy for efficiency. Johnson (2013) distinguishes between full and part-time enrollment and finds 

that part-time enrollment increases more relative to full-time enrollment in poor labor market 

conditions.  

 

3.5. Sectional Conclusion 
Generally, there exist plenty of studies on the relationship between unemployment and educational 

enrollment. In this section, four main papers have been chosen as they all have aspects relevant to the 

analysis of this thesis. In general, across all four papers, it is found that higher unemployment rates 

lead to a higher probability of enrollment, although there are some divergences. In general, gender, 

age, number of people in the household, income, and various family background variables like 

parents’ education and occupation are included in these analyses. In some of the studies, they 

distinguish between different types of unemployment like youth unemployment, lagged 

unemployment, and skilled unemployment. The effect for male and female respondents is analyzed 

separately in some of the papers. The Human Capital Theory mentions unmeasurable factors that 

influence educational decisions. In the theory section, possible proxies for these factors are proposed, 

such as measures for family background, number of siblings, previous grades, and distinguishing 

between full-time and part-time students. These are very similar to variables included in the existing 

literature, which increase their reliability.  

 

4. Methodology 
To answer the research question, data on education and unemployment should be used. Determining 

the effect across countries can be done with various economic tools. For empirical analysis, regression 

methods are often used. When examining the effect on a binary variable, three different models are 

primarily used: the linear probability model, the probit model, and the logit model.  

In this section, the process of selecting and preparing the data is described. The three different 

binomial regression models are compared, and the logit model is chosen. The logit model is explained 

in more detail, and the specified model used in the analysis is presented. Lastly, critique and 

limitations of the data and model are discussed. 

 

4.1. Data 
This section deals with the selection of data and the preparation of data. The selection of data is a 
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tradeoff between variables needed to answer the question and data availability. A few of the more 

interesting data sources are discussed and compared. It is limited how much data can be accessed on 

a microlevel as non-researchers, so to control for the effects of factors like gender, age, and other 

background information, different sources were considered. Generally, the scientific use files are not 

accessible to non-researchers, so the public use files (PUFs) are used. Four sources with data on 

enrollment information and other individual characteristics were considered: The Programme for the 

International Assessment of Adult Competencies (PIAAC), the EU Labour Force Survey (LFS), the 

EU Statistics on Income and Living Conditions (SILC), and the Current Population Survey (CPS). 

 

4.1.1. Data Selection 

When choosing what data to use, it is relevant to keep in mind what the ideal model would look like. 

In an ideal model, the variables discussed in Sections 2 and 3 should be included. These are variables 

that are important according to the theory and, at the same time, are used in previous similar studies. 

These variables are age, gender, region of residence, income, part- or full-time enrollment, and 

numerous family background variables. Furthermore, the number and frequency of observations are 

also essential to get the most reliable results and as much variance in the data as possible. Lastly, it 

would also be preferable to distinguish between different types of enrollment decisions, but more on 

this later. In the following, the most interesting data sets are presented and compared, and the dataset 

that best lives up to these criteria is chosen. However, no available dataset accommodates all of the 

mentioned variables that ideally should be included in the model.  

 

PIAAC 

The PIAAC is a survey that has been conducted by the OECD three times so far; 2011-2012, 2014-

2015, and 2017 (OECD, n.d.). Only 5000 individuals between the ages of 15-65 in each country have 

been interviewed in each round, and most countries have only participated once (in 2011-2012). It 

does hold information for many countries on a wide range of variables, e.g., family background and 

income. It is possible to include regions in the analysis, but the low number of people participating 

does not warrant a very in-depth and precise analysis. 

 

LFS 

The LFS has micro-data from many European countries, with the PUFs available on a quarterly and 

annual basis from 2004 to 2013. Consequently, it includes variation in variables before, over, and 
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after the Great Recession (Eurostat, n.d.-a). It holds information on many individuals for each 

country, so it is possibly a more representative sample for the analysis. The LFS is one of the most 

widely used sources for different economic and statistical analyses. Furthermore, the availability of 

quarterly data enables an even more precise estimation. On the other hand, the LFS PUFs do not 

contain information on income, region of residence, or family background. Age groups are available, 

but not specific ages. 

 

SILC 

The PUFs from the SILC have synthesized data from 2004 to 2013 (Eurostat, n.d.-b). It has 

information on a broader range of variables compared to the LFS, but also for a smaller sample of 

individuals, and only a handful of countries are available throughout the entire period. Additionally, 

it is possible to include regions in each country. In two years, 2005 and 2011, additional family 

background variables are available, such as the parents’ educational levels and occupation (Eurostat, 

n.d.-b).  

 

CPS 

Lastly, the CPS was also considered if the European data was insufficient. Studies have widely used 

the CPS to obtain labor and education statistics on the US population (e.g., Johnson (2013)). It 

consists of a monthly survey with questions on individuals’ current work, income, education, and 

several other topics (US Census Bureau, n.d.). As the PUFs hold much information over a long period, 

it is ideal to use this data to study the American population. The variables on family background are 

sparse in the CPS, but it does have some information on family income and household type, and it 

allows controlling for state fixed effects. It is possible to split up individuals’ current level of 

education on both undergraduate and graduate studies, and part-time and full-time studies. 

 

Comparison 

Comparing the above sources, both the PIAAC and SILC allow including regions in the analysis, 

while the LFS and SILC allow for analysis of more years and observations. The PIAAC has too few 

observations, so while it does hold many variables that have been shown to be of interest for this type 

of analysis, the SILC and LFS data might provide more precise estimates. The LFS has a wider range 

of countries and more individuals than the SILC but does not allow to control for regional effects, 

household income, and other characteristics that the SILC has. See Appendix 1 for the comparison 
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of countries available in each data source. The CPS was mainly considered if none of the European 

options were sufficient, and therefore that is out of the consideration too.  

 

From these initial comparisons, the two most interesting datasets are the LFS and the SILC, both of 

which have their advantages and disadvantages. In the LFS, there is more data available, and the data 

is real. However, some of the factors that the theory states are important for the choice of attending 

higher education are not available in the PUF of the LFS data. In the SILC data, the dataset is smaller, 

and the data is synthetic, but more variables are available. The fact that the data is synthetic is not a 

major concern, but when examining the data, it was found that the SILC data does not mirror reality 

in some aspects. For example, in Denmark, around 19% of the 22-year-olds in the period from 2004-

2013 were attending higher education, according to Statistikbanken (2020). However, in the SILC 

data, only around 4% of the danish 22-year-olds were attending higher education. In the LFS data, 

the specific age is not available, but in the age group ranging from 15-24, around 13% were attending 

higher education, whereas according to Statistikbanken (2020), around 14% were attending higher 

education for the same age group and period. This could indicate that something has gone wrong in 

making the synthetic PUF of the SILC data. Furthermore, the most interesting variables in the SILC 

data, namely the family background variables, are only available in 2005 and 2011. This, combined 

with the general size of the dataset and the frequency of observations, makes the LFS data the better 

pick when looking at the decision of enrolling in higher education. Hence, the LFS is used for 

examining the relationship between the unemployment rate and enrollment in higher education.  

 

At the early stages of the thesis process, the SILC data was used in combination with the LFS data. 

Thus, the primary regressions were made with LFS data, and additional regressions were made on 

SILC data to be able to include family background variables. An example thereof can be seen in 

Appendix 2. However, since it is questionable whether the SILC PUF data is reliable and the number 

of observations is relatively few, especially when adding family background variables that are only 

available in 2005 and 2011, it is impossible to draw any conclusions from those regressions. The 

regressions done with the SILC data also differ from the results in the LFS data, and the results with 

family background show no significance of any parents’ characteristics, which was the main reason 

for the inclusion of SILC. Therefore, only the LFS data is used in the analysis.  
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Unemployment Data 

The average unemployment rate for each country at each point in time is merged onto the LFS data 

from Eurostat (2021c, 2021d). The data found in Eurostat is derived from the LFS data set as well, 

but with the use of scientific use files. Unemployment is not simply referring to one measure, but 

multiple types of unemployment are included in different regressions. General unemployment is the 

unemployment rate for people above the age of 15. Youth unemployment is the unemployment rate 

for people aged 15 to 24. The unemployment rate split by educational level is also included in one 

regression model. Here, the unemployment rate for people who have attained upper secondary 

education and people who have attained tertiary education is used. All of these different types of 

unemployment rates are found from Eurostat data. 

 

Additional Data 

In some regressions, additional variables are included. These are the GDP per capita and the absolute 

wage gap between secondary and tertiary education1. The latter is the median income of people who 

have attained upper secondary education, subtracted from the median income of people who have 

attained tertiary education. This variable somewhat proxies return to higher education, but ideally, 

the wage gap should differ in different fields of study. GDP per capita could proxy income and 

educational budgets. However, it is more of a catch-all variable for many different economic 

consequences of a recession that could influence educational decisions. GDP per capita is merged 

onto the LFS data from Eurostat (2021b), and the absolute wage gap between upper secondary and 

tertiary attained education is from Eurostat (2021e). It should be mentioned that the wage gap is only 

available on a yearly basis.  

 

4.1.2. Data preparation 

This section focuses on how the data has been prepared for analysis. Before the analysis can begin, it 

is crucial that the data is correctly prepared and that the variables are understandable and usable. If 

not, there is a risk of errors in the analysis as well as misinterpretation of results.  

The first step of the data preparation was to pick the countries to be included in the analysis. Here, 

countries were first sorted based on availability in the data. Another criterion for country selection 

was differences in socioeconomic features. The relevant differences are described in Section 5. Based 

on this, the following countries were selected: Austria, Denmark, Hungary, Italy, and Spain. Apart 

 
1 GDP and GDP per capita are used interchangeably throughout the thesis. It always refers to GDP per capita. 
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from the socioeconomic differences across these countries, they also represent different geographical 

locations in Europe. Also, since this thesis aims to examine the influence of the unemployment rates 

and other features on young peoples’ decision to attend higher education, an age group had to be 

specified. Ideally, this age group should be similar to the age groups examined in previous studies, 

for example, 17-29, which is the age group that Ayllón and Nollenberger (2020) uses in their paper. 

However, in the LFS data, the age of the respondent is filtered into predefined intervals. One of the 

intervals in the LFS data ranges from 15-24 years of age. The next age group ranges from 25-39. 

Since 15-39 would be too broad an age group, the examined age group is 15-24. The period of analysis 

was picked based on availability and the inclusion of the Great Recession, as well as years of 

relatively normal economic conditions. Therefore, the selected period spans the years 2004 up until 

2013.  

 

The second step of the data preparation was where the actual preparation of the dataset was done 

using various tools. First, the LFS data was imported into R studio, where the preparation and 

regressions are performed. The code with more specific instructions for preparing the data and 

running the models can be seen in Appendix 3 and 4, respectively. The preparation process included 

creating variables, changing some variables, and merging data from Eurostat onto the LFS data.  

 

For the LFS data, variables expressing survey weights, country, reference year, quarter, educational 

level currently enrolled in, age, sex, number of people in household, nationality, and level of 

education attained were imported.  

 

After importing the data into R, the variable ‘HigherEducation’ was created, which is used as the 

dependent variable in the analysis. This is a binary variable made from the existing variable 

‘Educlevl’, which refers to the educational level a person is currently enrolled in. It is a categorical 

variable with values from 1 to 6, corresponding to ISCED levels 1 through 6, and 9 is “not applicable”, 

meaning that the respondent is not currently undergoing education. ISCED is short for the 

International Standard Classification of Education and is a means of classifying levels of education 

internationally (Eurostat, 2020a). The classification levels are explained in Table 2 below. 
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Table 2. ISCED levels 

ISCED 1 Primary education 

ISCED 2 Lower secondary education 

ISCED 3 Upper secondary education 

ISCED 4 Post-secondary non-tertiary education 

ISCED 5 Short-cycle tertiary education, Bachelor’s, Master’s, or equivalent level 

ISCED 6 Doctoral or equivalent level 

Source: Eurostat (2020a). 

 

A person is defined as attending higher education when the ISCED level is 5 or 6; that is when they 

are currently enrolled in tertiary education. In this scenario, the variable ‘HigherEducation’ yields a 

value of 1. When the ISCED level is below 5 or equal to 9 the variable yields a value of 0.   

 

Afterward, the variable ‘sex’ was changed, so 0 = male and 1 = female to be easier to interpret. In 

most countries, the majority of people who are eligible to enroll in higher education have completed 

education equivalent to a high-school degree. Table 3 presents the number of people who are either 

currently enrolled or not enrolled in higher education by their already attained level of education 

across all the examined countries in the LFS data. Observations with NA and lower secondary 

education in attainment level are excluded, as it is assumed that people without at least an upper 

secondary education cannot enroll in higher education. It is, however, possible in some types of higher 

education to enroll without upper secondary education, which is also why there are observations like 

this in Table 3. This is typically art or performance educations. It is, for example, the case for 

admission into a bachelor’s in Architecture, Design and Conservation at the Royal Danish Academy 

(Det Kongelige Akademi, 2021). Nevertheless, as it is unusual, the observations of people with lower 

secondary education are removed.  

 

Table 3. Higher education by attained level 

  NA Lower secondary Upper secondary Tertiary 

Not in higher education 4,474 1,117,945 435,995 73,567 

In higher education 784 6,578 384,354 56,662 
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Another important distinction is between individuals who have attained upper secondary education 

and tertiary education. When enrolling in higher education with an upper secondary degree, it is 

generally enrollment in a bachelor-degree or the equivalent that is considered. For individuals who 

have attained tertiary education already, it is likely to be the decision to enroll in either a master´s or 

PhD-degree that is considered. Some might consider taking another bachelor’s degree after achieving 

one, but it is assumed to be the minority. The decision to enroll in especially master’s and PhD’s 

might differ a lot across countries for cultural reasons compared to the decision to enroll in a 

bachelor's, and the sample of people with tertiary education already is substantially smaller. So, to 

make the effect on an individual’s decision as comparable as possible across the different countries, 

the focus is on people who have finished upper secondary education. Hence, the individuals with 

tertiary education attained were excluded.  

 

Lastly, the unemployment rates from Eurostat (2021c; 2021d) were merged onto the existing data by 

country, quarter, and reference year. In the LFS data, there are both quarterly and yearly data, and the 

Eurostat data was merged onto both. Furthermore, three types of unemployment rates were included: 

general unemployment, youth unemployment, and unemployment by educational level. The general 

unemployment rate is defined as unemployment in the age group 15-74 for both men and women, as 

this is the broadest specification available and the one used in Eurostat. The youth unemployment 

rate is defined as unemployment for both men and women in the age group 15-24, as this corresponds 

to the analyzed age group and is available in Eurostat. As for unemployment by educational level, 

the general unemployment rate is also split into unemployment for those with upper secondary 

education and those with tertiary education. This ends the data preparation.  

 

4.1.3. Data Limitations  

Data availability is a considerable concern in this thesis. As addressed in Section 4.1.1, the 

independent variables lack in terms of preciseness and availability. Furthermore, the dependent 

variable should also ideally be more specific. 

When talking about the decision to enroll in higher education, it encompasses four different decisions: 

1) starting or not starting at all, 2) Starting or waiting (gap years), 3) prolonging the duration of 

already started education, or 4) dropping out of already started education. This is due to the lack of 

specifications in the available data. In an ideal model, it would be possible to distinguish between 

different types of individuals that can make the different educational decisions. Also, it should be 
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possible to observe the timing of these decisions. Ideally, to isolate the short-term effect of 

unemployment rates on the decision to enroll in higher education, the data should allow identifying 

the following: i) whether an individual just finished upper secondary education, ii) the exact month 

people have to decide on enrolling in higher education, and iii) the unemployment rate in the month 

before that. This would be similar to what Sievertsen (2016) does in his study. This would, however, 

only be possible if very detailed data were available. 

 

4.1.4. Sectional Conclusion 

Three different data sources were considered for analysis on European countries: the PIAAC, the 

LFS, and the SILC, while the CPS were considered if none of the sources for Europe were determined 

to be sufficient. When deciding which dataset to use, the “ideal model” was used as a reference. The 

LFS was chosen mainly due to the number and frequency of observations. The biggest concern 

regarding the LFS PUF is the lack of available variables. The data was prepared with the tool RStudio, 

and different measures of unemployment were merged onto the LFS data by year and country. 

Additionally, the GDP per capita and the wage gap between people with upper secondary and tertiary 

education were merged on as well. Generally, the decision to enroll in higher education consists of 

four different decisions that cannot be distinguished between: 1) starting or not starting at all, 2) 

Starting or waiting (gap years), 3) prolonging the duration of already started education, or 4) dropping 

out of already started education. Detailed data similar to what Sievertsen (2016) has would be needed 

to distinguish between these decisions.  

 

4.2. Regression Model 
In this section, different possible regression models are compared, and the logit model is chosen. 

Then follows a description of the logit model and a specification of the model used in the regressions 

presented in the analysis.  

 

When deciding which regression model to use, the type of dependent variable should be considered. 

Since the regression model should determine whether a person is or is not currently enrolled in higher 

education, the dependent variable, O, is binary. 

 

O = P1, #Q	RS00>T+U!	>T0NUU>3	#T	ℎ#Vℎ>0	>3SRW+#NT
0, #Q	TN+	RS00>T+U!	>T0NUU>3	#T	ℎ#Vℎ>0	>3SRW+#NT 
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When the dependent variable is binary and not continuous, the population regression function 

corresponds to the probability that the dependent variable equals 1. This means that the regression 

should be interpreted as modeling the probability that a person is currently enrolled in higher 

education, Pr	(O = 1), given the independent variables, Z (Stock & Watson, 2015). 

 

The most common regression models with binary dependent variables are the linear probability 

model, the probit regression model, and the logit regression model. The sections below present the 

different models and follow the descriptions by Stock and Watson (2015).  

 

4.2.1. Choosing a Model 

Linear Probability Model 

The linear probability model (LPM) is the linear multiple regression model where the dependent 

variable is binary rather than continuous.  

 

Pr(O = 1|\2, \3, … , \4) = (̂ + 2̂\2 + 3̂\3 +⋯+ ^4\4 

 

Where 2̂ is the change in the probability that O = 1 associated with a unit change in \2 and so on 

for 5̂ 	where	# = 1,…`. Another way to write this is 

Pr(O = 1|Z) = a 

 

Where a = bZ, where b is a vector of coefficients, and Z is a vector of independent variables. The 

advantages of the LPM are that the regression coefficients are easy to interpret and that the model 

can be estimated with ordinary least squares (OLS). 

 

The largest disadvantage of the LPM is, however, the linearity that makes it simple. Because of the 

linearity, the independent variables have constant marginal effects, which is unrealistic. Also, the 

probability of O = 1 cannot be less than 0 or greater than 1, but as a consequence of the linear 

regression, this is possible in the LPM (see figure 2).  
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Figure 2. Linear probability model 

 
Source: Dustan (n.d.) 

 

Probit Regression model 

To avoid the linearity problem of the LPM, the probit and logit regressions can be used. Both of these 

use cumulative probability distribution functions that produce probabilities between 0 and 1.  

 

The probit regression model uses the cumulative standard normal distribution and can be written as 

 

Pr(O = 1|Z) = Φ( (̂ + 2̂\2 + 3̂\3 +⋯+ ^4\4) = Φ(a) 

 

where Φ is the cumulative standard normal distribution.  

 

Logit Regression model 

The logit regression model uses the cumulative standard logistic distribution and can be written as: 

Pr(O = 1|Z) = d( (̂ + 2̂\2 + 3̂\3 +⋯+ ^4\4) =
1

1 + >$(6!76"8"76#8#7⋯76$8$)
 

=
1

1 + >$: 

 

where d is the cumulative standard logistic distribution. The distribution of the logit and probit are 

very similar and have the shape as seen in figure 3. 
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Figure 3. Logit model 

 
Source: (Dustan, n.d.) 

 

Comparison 

The advantage of the probit and logit model is their non-linearity, which assures that the probability 

of O = 1 cannot be less than zero or greater than one, and that the marginal effects of the independent 

variables are non-constant. However, this also makes the coefficients more difficult to interpret. The 

marginal effect can instead be computed as the change in the predicted probability given different 

values of X. The sign of the coefficients can be interpreted directly, so if 2̂ is positive, an increase 

in \2 leads to an increase in the probability that O = 1. The non-linearity also means that the 

coefficients cannot be estimated with OLS but must be estimated using other methods, such as the 

maximum likelihood method.  

 

It is difficult to choose between the probit and the logit model, as they share both advantages and 

disadvantages. Hanck et al. (2020) recommend using the method that is easiest to use in the chosen 

statistical software, but since the two are equally easy to use in R, which is the primary tool used in 

this thesis, this cannot help in determining which model is the best. The coefficients are a bit easier 

to interpret in the logit model as they can be interpreted in terms of odds ratios (Albright, 2015). 

Therefore, the logit model is chosen. The non-linearity is essential since many issues arise with the 

linearity of the LPM. The probit and logit models are very similar, but the logit model is ultimately 

chosen since the coefficients are easier to interpret. The logit model is described further below. 

 

4.2.2. The Logit Model 

As stated earlier, the logit regression can be written as follows: 
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Pr(O = 1|Z) =
1

1 + >$: = e 

 

Dividing this by the inverse probability (Pr(O = 0) = 1	– Pr(O	 = 	1)) and taking the logarithm of 

both sides, we get the log odds, which is equal to a linear function: 

 

ln J
e

1 − eK = lng
1

1 + >$:

1 − 1
1 + >$:

h = ln i
1 + >$:

1 + >$: ∗
1
>$:k = ln(>:) = a 

 

Here, 2

27;%&
 serves as a link-function between the probability and the linear regression expression, Z. 

This means that the estimated coefficients can be interpreted directly as the effect on the log-odds. 

Equivalently, for a model with one continuous independent variable, the odds ratio (OR) can be 

defined as: 

lm =
N33D(n + 1)
N33D(n) =

J d(n + 1)
1 − d(n + 1)K

J d(n)
1 − d(n)K

=
>6!76"(<72)

>6!76"< = >6" 

 

This exponential relationship provides an interpretation for 2̂ and can easily be extended to a model 

with multiple regressors. The odds of O = 1 increase by >6" for a 1-unit increase in n2. Another way 

to interpret the effect of a change in Z on the probability Pr(O = 1|Z) is by looking at marginal 

effects, which change depending on which x-values the effect is evaluated at. For the logit model, the 

marginal effect with respect to variable j is =>'
=<'(

= e5 ∗ (1 − e5) ?̂, which when evaluated at the 

sample mean simplifies to the average marginal effect !o(1 − !o) @̂
p  (Cameron & Trivedi, 2005). 

 

In the analysis, the focus is on the direction and magnitude of the coefficients relative to the other 

countries, allowing for a description of what might cause these differences. Some results are presented 

with marginal effects, where the effect of changing a specific variable holding all else constant is 

shown graphically.  

 

In the logit model, the parameters are nonlinear and cannot be computed using OLS. Instead, 

nonlinear least squares (NLS) or maximum likelihood estimation (MLE) can be used. MLE is more 
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efficient, as the estimates have smaller variances, and most software packages in R uses MLE (Hanck 

et al., 2020). Therefore, only the MLE method is elaborated on.  

 

MLE finds the values of the unknown coefficients that maximize the likelihood function, 

∏ eA'(1 − e)2$A'5 , or equivalently the log-likelihood, r = ∑!5log	(e5) + (1 − !5)(log	(1 − e5)). 

The likelihood function is the joint probability distribution of the data, treated as a function of the 

unknown coefficients. In other words, the MLE estimates the coefficients that result in a model which 

is most likely to produce the observed data. There are different ways to maximize the likelihood. In 

this thesis, the main regressions are made using the glm-function in R. It is stated in chapter 11.3 in 

Hanck et al. (2020) that the exact method used in the glm-function in R is one called Iteratively 

Reweighted Least Squares (IRLS), which is a modification of the Newton-Rhapson method. For a 

more specific description of IRLS, see Rodríguez (2007). 

 

Since the maximum likelihood estimates are distributed normally in large samples, statistical 

inference about the coefficients can be made in the same way as for coefficients of the OLS estimator. 

This means that both t-statistics and confidence intervals can be computed. When the maximum 

likelihood is found, the variance matrix of the parameters can be shown to be equal to the inverse of 

the negative Hessian Matrix, that is −v$2 = −w =#B
=0=0)

x
$2

, and the standard errors are then equal to 

the diagonal of the resulting matrix (Cameron & Trivedi, 2005). Robustness of the standard errors is 

discussed further below.  

 

4.2.3. Model specification 

The following equation describes the logit model that is used in the analysis for each country: 

Pr	(O = 1|\) =
1

1 + >$CD*+7EFG;H>I1AH;G&,7J', 

Where O = 1 is the case if individual i in year t is enrolled in higher education. Notice that the i 

specifies an individual only in one year and not the same individual across years, as there is no 

identifying variable across years. Therefore, the data is treated as pooled cross-sections and not panel 

data. ZKL is a matrix of the variables: gender, nationality, number of people in the household, GDP 

per capita, and the wage gap between educational levels. 
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Weights 

An aspect that has not been discussed so far is whether to include sample weights or not. This section 

introduces sample weights and their impact on the LFS data and then discusses whether to use the 

sample weights in the regressions performed in this thesis.  

 

In survey samples like the LFS data, the data has been collected with a survey of a sample from the 

population of interest. This means that data has only been collected on a smaller part of the population, 

and not all of the population has been interviewed. When performing such a survey, it is typical to 

assign a weight to each respondent, expressing how many times each respondent should be counted 

for the sample to mirror the population. If each respondent is equally likely to be questioned, the 

weights should be identical. However, to increase the precision of estimates for subgroups of the 

population that are of particular interest, some respondents are more likely to be interviewed than 

others. In the LFS data, for example, the smaller countries are oversampled. This is done to provide 

more reliable country-level data. In Figure 4a, the number of observations in the LFS data in each 

country as a share of the total number of observations is shown. In Figure 4b, the population in each 

country is depicted as a share of the total population in all of the six countries. Here, it can be seen 

that the smaller countries, Austria, Denmark, and Hungary, are overrepresented, and Italy, the largest 

country measured in population, is underrepresented. Figure 4c shows the same as the first graph, but 

here the sample weights are included. It is clear to see that this mirrors the actual population much 

more properly than the first one. 
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Figure 4. Comparison of LFS data to the real population. The number of observations (Figure 4a), 

the population from Eurostat (2021f) (Figure 4b), and the weighted number of observations (Figure 

4c). 

  
 

 

 

 

 

 

 

 

 

 

 

While the weights are constructed so that the weighted data mirrors the population, the inclusion of 

weights depends on the objective of the study. If the goal of the study is to describe the general 

population, which means that a descriptive or data summary approach is taken, then the survey 

weights should be used. However, if a structural or analytical approach is taken under the assumption 

that the model of y[!|n] is correctly specified, there is no need for the survey weights (Cameron & 

Trivedi, 2005). In this case, the results can be used to analyze the effects of changes in x on y[!|n]. 

As the goal of this study is to determine the effect of a change in the unemployment rate on an 

individual’s decision to enroll in higher education and how the effect differs depending on the 

individual’s country of residence, the survey weights are not as important and are not used. If, instead, 

Figure 4a. Number of observations

Austria Denmark Hungary Italy Spain

Figure 4b. Population

Austria Denmark Hungary Italy Spain

Figure 4c. Number of observations 
weighted

Austria Denmark Hungary Italy Spain
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the goal was to establish how many people enroll in education when the unemployment rate increases 

on a country level, the approach would be data summary or descriptive, and the exclusion of the 

survey weights would lead to bias.  

Survey weights are not without flaws, and in practice, they are constructed to match population 

proportions for some subgroups based on age, sex, and race. Therefore, it is unlikely that the inclusion 

of survey weights will eliminate the “asking bias” completely (Cameron & Trivedi, 2005).  

 

In the LFS data, the employment status of every individual is available. However, using this as a 

measure of labor market conditions would mean that the examined effect would be how an 

individual’s employment status would influence that same individual’s educational decisions. Such 

an analysis would not be sensible. Therefore, the average unemployment rate for each country at each 

point in time is used. This unemployment rate is merged onto the LFS data from Eurostat. The data 

found in Eurostat is derived from the LFS data set as well, and since it is unemployment rates on a 

country level basis, this is weighted data. In general, weighted and unweighted data should not be 

compared. However, in this case, it makes sense because the unemployment rate observed by the 

individuals when deciding to enroll in higher education or not is assumed to be the weighted overall 

unemployment rate. 

 

To summarize, the survey weights are not used in the regressions, as the analytical approach taken 

determines that they are unnecessary. The unemployment rate is the average unemployment rate for 

each country or region at each given time point, and it is merged onto the LFS dataset from the 

Eurostat data. 

 

Fixed effects 

Fixed effects are variables that are constant across individuals, countries, time, or some other 

grouping, and vary across the other dimensions of which the variable is measured. Fixed effects are 

added to regressions to mitigate bias in the model from unobservable variables. 

 

Optimally, the model should include region fixed effects in the regressions, which control for time-

constant unobservable variables in each region, with an example being cultural differences or 

differences in job availability. Time fixed effects were also considered to control for unobservable 

variables that are constant across countries but vary over time, e.g., global trends in business cycles. 
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However, the LFS data does not contain information on the region of an individual. Hence, time fixed 

effects cannot be included as the unemployment rate in each country only varies over time. As the 

unemployment rate does not vary over region or individual, the coefficient of the unemployment rate 

would not be identifiable if time fixed effects were introduced. 

 

Other methods to compute fixed effects, such as the within or first-differences estimation, are not 

possible, as they would require multiple observations for each individual (Cameron & Trivedi, 2005). 

The LFS data is both cross-sectional and longitudinal (European University Institute, 2020), but in 

the public use files, the variables that make it possible to track people across time are not available. 

This also has some implications for the standard errors, which are discussed below. 

 

Clustered Standard Errors 

Here, clusters and clustered standard errors are discussed, as they can have an impact on the inference 

done in the analysis.  

 

Clusters are subdivisions of data into smaller-sized groups where the sampling or treatment assigned 

is correlated within each group, but not between groups (Colin Cameron & Miller, 2015). Usually, 

independence of sampled observations is assumed. This is, however, not always true, and in fact, 

survey data is usually dependent. This is often due to the use of clustered samples to reduce survey 

costs, such as interviewing several households on the same block or reinterviewing the same 

individual at different points in time (Cameron & Trivedi, 2005).  

 

Clusters can raise problems as normal standard errors are typically underestimated when a sample 

involves clusters. To avoid that, clustered standard errors can be used. A cluster-robust variance 

matrix can be computed to get the standard errors. Such a matrix takes both heteroskedasticity and 

within-cluster correlation into account. In general, a cluster-robust variance matrix estimate for a non-

linear model is the following (Cameron & Trivedi, 2005, p. 842): 
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Where ÄMN|bp} =
=TUCVW

=C
 and Ç(bp) is the link function, which in this case is the logit, and each 

observation, É = 1,… ,ÑR, belongs to a cluster R = 1,… , Ö. 

 

In the LFS data, some of the individuals are reinterviewed across time. This creates clusters that 

should ideally be adjusted for in the standard errors. Not only to correct for heteroskedasticity but 

also autocorrelation, as the errors are likely to be correlated over time. If adjustments are not made, 

estimated standard errors are probably deflated, and inference based on the errors might be false 

(Colin Cameron & Miller, 2015). However, in the PUFs, the individual IDs across years are not made 

available to avoid recognition of individuals in the data. Thus, it is not possible to adjust for these 

clusters, which are known to be in the data. This is a flaw in the model that cannot be worked around, 

and it should be taken into consideration when analyzing the results that the standard errors are most 

likely deflated. 

 

Dependence in the data can also arise even when sampling is completely random. For example, there 

may be an unobservable effect common to all households in a specific geographical area. This can be 

corrected in different ways, one of which is applying cluster-specific fixed effects. If regions were 

available, these could be introduced as the cluster-specific fixed effects. As interest would lie in a 

few large clusters, dummy variables could be included to account for the cluster fixed effects. With 

enough observations, estimates of the coefficients should be consistent (Colin Cameron & Miller, 

2015). When there are only a few clusters, some additional corrections must be done. One way to 

correct for this is by using a T-distribution, with G-1 degrees of freedom, G being the number of 

clusters, or by scaling the variance matrix by X

X$2
 as proposed by Colin Cameron and Miller (2015).  

 

However, regional fixed effects cannot be included in the regression models. Thus, there are no 

observable clusters in the LFS data to adjust for. This is an issue within the regressions that cannot 

be corrected, and the standard errors are most likely underestimated as a result.  

 

Neglected Heterogeneity Problem 

It is noteworthy that in any non-linear regression, there will be some bias from omitted variables. 

Wooldridge (2002) shows for a probit model that the neglected heterogeneity problem leads to an 

attenuation bias of the estimated coefficients. Following the explanation by Mood (2010), any omitted 
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variables will also affect the estimates in a logit model. Even variables that are uncorrelated with the 

other independent variables will bias the estimates of the other independent variables towards zero if 

omitted. This happens because, when restricting the residual to follow a logistic distribution, the 

coefficients are also affected by the unobserved variance of omitted variables. Mood (2010) shows 

an example where the true model includes just two variables. If the two variables are uncorrelated 

and the second is omitted, the estimate Ü̂2 is approximately Ü̂2 = 2̂
√Z.3\

]Z.3\76##^_%(<#)
. The fraction will 

be less than one, if 3̂ ≠ 0 and àW0(n3) ≠ 0, and so Ü̂2 is less than 2̂. 

 

When the omitted variables and the included variables are correlated, determining the direction of the 

bias is more complicated. While some of the variables presented above might have some correlation 

with other variables, it is believed that they are not correlated to unemployment to a high degree. 

Instead, some of the omitted variables are correlated to each other. An example being household 

income and parents´ education. Though this is a problem to be aware of, this is an inherent part of 

regression analysis. Interpretations regarding the sign of the coefficients stay the same for the 

unemployment rate and are likely to do so for the other variables if correlation is not very prevalent. 

Arguably, the number of people in the household is the variable that is most likely correlated with 

any omitted variables. 

 

4.2.4. Sectional Conclusion 

For regressions performed in this thesis, the logit model is used. The logit model is appropriate as the 

dependent variable is binary. Furthermore, the logit model is non-linear, which assures that the 

probability of O = 1 cannot be less than zero or greater than one. In the specific model,  O = 1 is the 

case if individual i in year t is enrolled in higher education. Several different types of unemployment 

measures and variables are included in the regressions presented later in the thesis. Survey weights 

are not applied in the regressions, as the analytical approach is taken to determine the effect of a 

change in the unemployment rate on an individual’s decision to enroll in higher education. As the 

LFS data originally is panel data, fixed effects should ideally be applied in the model, but this is not 

possible as indicators are not available. This most likely leads to underestimated standard errors. 

Lastly, the neglected heterogeneity problem is discussed. In a non-linear regression model, there will 

be some bias from omitted variables. As the omitted variables and the included variables might be 
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correlated, it is not possible to determine the direction of this bias. However, the effect on the 

coefficients of the unemployment rate is believed to be minor. 

 

5. Socioeconomic differences between Countries 
In this section, socioeconomic differences in the observed countries are discussed. As mentioned 

earlier, socioeconomic differences are defined as institutional, cultural, and economic factors in 

which the countries differ. The socioeconomic conditions highlighted in this thesis are the ones that 

are believed to affect either the unemployment rate or the probability of enrolling in higher education 

the most. These are differences in education and school system, unemployment, women in the labor 

force, income, healthcare, number of children, and pension systems. These are a combination of the 

most explanatory ones according to Becker (1993) and a study on the socioeconomic divide in Europe 

performed by OECD (2017). Thus, this section is by no means an exhaustive overview of the 

differences between countries, but it is argued that these are the socioeconomic factors, which have 

the most considerable influence on educational enrollment. All of them are not directly measurable 

in the data used for the analysis of this paper, but they can help explain why some countries are 

affected strongly by unemployment rate changes, and some are not. Additional factors could also 

cause differences in both the average number of enrollments and the change in probability of 

enrollment when the unemployment rate changes. Educational decisions are intricate, and the 

differences between the countries consist of a complex interplay of social, cultural, and 

macroeconomic factors.  

 

5.1. Timing of Educational Enrollment 
When discussing socioeconomic differences across countries, it makes sense to look into structural 

differences in the educational systems. One way the educational systems in the countries differ is in 

the typical age of students in higher education. In Figure 5, the proportion of people in tertiary 

education at four different age groups in 2013 is shown.  
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Figure 5. Percent of people in tertiary education by age group in 2013 

 
Source: Eurostat (2021g).  

 

From Figure 5, it can be deduced that in Austria and Spain, people tend to enroll in tertiary education 

at a young age, with more than 25% of 18-year-olds enrolled. The peak age for Austria, Spain, and 

Hungary is at 20 years. On the contrary, in Denmark and Italy people enroll later, and the peak age 

in both countries is at 22 years. Furthermore, Spain and Denmark have a larger proportion of attendees 

in higher education compared to the remaining countries.  

 

It makes sense that people tend to enroll later in Denmark and Italy, as people typically graduate from 

upper secondary education at age 19. In contrast, in the remaining countries, the corresponding 

graduation age is typically 18 (Eurydice, 2018). Furthermore, there is a strong tendency among young 

people in Denmark to take one or more gap years (Sievertsen, 2014). The school systems are 

described more in detail in Section 5.2.  

 

All the above things considered, it is expected that more people in Denmark and Spain attain higher 

education. Figure 6 shows the share of those aged 30-34 who have attained a tertiary education in 

2004-2013.  
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Figure 6. 30-34-year-olds with tertiary education, % of population 

 
Note: The above percentages are out of the corresponding age group, 30–34-year-old persons. There are some breaks in 

the time series, with a notable one being in Denmark year 2007. Source: Eurostat (2021h). 

 

As expected, the share of 30-34-year-olds with tertiary education is much higher in Denmark and 

Spain than in other countries. However, in Italy and Austria, the share is relatively small. The 

reasoning behind the small share in Austria is elaborated on in Section 5.2.  

 

Even though the share of 30-34-year-olds in Denmark and Spain who have attained tertiary education 

is quite similar, the examined age group for this thesis is 15-24. As people start higher education 

earlier in Spain, a much larger share of Spanish students will be included in the regressions. Hence, 

Spain most likely has the highest proportion of people in higher education in the examined data. This 

is something to be aware of when looking at the descriptive statistics of the data, but as for the 

regressions, this is not an issue as the change in probability of enrollment is examined in each country 

individually.  

 

5.2. Educational System 
The examined countries have quite different educational systems. For example, as mentioned above, 

upper secondary general education, e.g., high school, does not have the same length in all countries 

and does not typically end at the same age. To make different educational systems comparable, this 

thesis uses the ISCED levels mentioned earlier. Using ISCED levels solves most issues when 

comparing the educational systems of the selected countries. However, some differences are not 

captured. These will be addressed in this section.  
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One of these issues is the inability to distinguish between general education and vocational education 

in ISCED level 3. This level is also known as upper secondary education. Here, general education is 

typically high school, and vocational education is education in the trade, arts and craft, or hairdressing 

(Eurydice, 2020a). This thesis examines how people who have attained upper secondary education 

make decisions to enroll in higher education. However, most people with a vocational education do 

not have the opportunity to make this decision directly (OECD, 2012b). Furthermore, the vocational 

education systems are varying in scope across the different countries, as on-the-job training in the 

relevant fields can replace education in some countries, whereas proper education is necessary in 

others (Eurydice, 2020a). In Austria, for example, the vocational education system is larger and more 

extensive compared to the other countries. Furthermore, in Austria, some educations in general 

healthcare and nursing, as well as caretaking of children and young people, are classified as ISCED 

level 3. Similar professions require tertiary education in other countries (Eurydice, 2018). This 

explains the lower share of people with tertiary education in Austria presented in Figure 6 in the 

previous section.  

 

Another issue is that post-secondary non-tertiary education does not exist in Spain but does so in the 

remaining countries (Eurydice, 2020b). In Denmark, post-secondary non-tertiary education primarily 

consists of preparational courses for higher education (Børne- og Undervisningsministeriet, 2020). 

And in Austria, it also includes some extensions to vocational upper secondary education (Eurydice, 

2020a). This is another reason that the share of people with tertiary education in Austria is relatively 

low.  

 

In Table 4, the attainment level of people in the age group 30-34 in 2014 is presented. In this age 

group, most people are expected to have finished their education, supported by what is shown in 

Figure 6. It is seen that only 10% have finished vocational upper secondary education in Spain, 

whereas 43.3% in Austria have done the same.  

 

Table 4. 30-34-year-olds who have attained vocational education, % of population 

 Levels 3 and 4 - vocational 
Austria 43.3 
Denmark 30.1 
Hungary 44.1 
Italy 36.1 
Spain 10.0 

Source: Eurostat (2021i). 
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5.3. Cost of Schooling 
When talking about any type of investment, the cost of schooling is a major factor in whether to 

initiate said investment. The same goes for education. For education, the cost of schooling can 

primarily be measured as a combination of fees paid to attend school and grants given to students2. 

In this section, the report on National Student Fee and Support Systems in Europe from Eurydice et 

al. (2018) is used. Table 5 sums up some of the most relevant information from the report. 

 

Table 5. Summary of national student fee and support systems 
Country Most common 

annual fees 

Types of public grants % of students 

receiving grants 

Most common annual grant 

size 

Austria None Need-based 10-24.9% >€5000 

Denmark None Universal 75-100% >€5000 

Hungary €1001-3000 Need- and merit-based 10-24.9% €100-1000 

Italy €1001-3000 Need-based 10-24.9% €3001-5000 

Spain €1001-3000 Need-based 25-49.9% €1001-3000 

Note: Results are shown for full-time fee-paying home students. Only public grants are considered in the report. Source: 

Eurydice et al. (2018).  

 

Looking at Table 5, there are major differences in both annual fees and the size of annual grants, and 

the share of students receiving them. The cost of schooling is lowest in Denmark, as there are no fees, 

and 75-100% of students receive universal grants of more than €5000. The country with the second-

lowest cost of schooling is Austria. Here education is free, and 10-24.9% of students receive need-

based grants, most commonly more than €5000. Following are Spain and Italy. It is difficult to rank 

these countries, as annual fees are identical, and in Italy, fewer people receive larger grants. The 

annual fees are €1001-3000, and in Italy, 10-24.9% of students receive need-based grants where the 

most common grant is €3001-5000, whereas in Spain, 25-49.9% of students receive need-based grants 

where the most common grant is €1001-3000. The cost of schooling is highest in Hungary, where 

annual fees are €1001-3000 and 10-24.9% of students receive need- and merit-based grants of €100-

1000. 

 

The cost of schooling is expected to have a considerable impact on the probability of enrollment. 

Throughout a recession, the cost of schooling could change if the funding of education changes. The 

 
2 Grants are regarded as a negative cost of schooling. 
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public funding of tertiary education in the examined countries changed substantially during the 

recession (European University Association, 2021). In Denmark and Austria, it increased, and in 

Spain, Italy and Hungary it decreased. However, changes in public funding can also affect the quality 

of education, and thus it is not a perfect proxy for changes in costs. It has not been possible to find 

reliable sources on private funding of education supplied by companies or non-public institutions. 

Thus, it is not considered in this thesis, even though it most likely decreases during a recession.  

 

5.4. Unemployment Rate 
Another socioeconomic difference between the discussed countries is the unemployment rate. In 

Figure 7, the unemployment rate in the years 2004-2013 for each of the countries examined in this 

thesis is displayed.  

 

Figure 7. Yearly unemployment rates, 2004-2013 

 
Source: Eurostat (2021d). 

 

It is seen that Spain has had an exceptionally high unemployment rate in the period after the crisis. 

As it is also discussed by Petrongolo and San Segundo (2002), this influences the high school dropout 

rate, and too few stay in school around the age of 16-18. High youth unemployment may drive young 

people to postpone their entrance into the labor market, but at the same time, an increase in adult 

unemployment may reduce the returns to education. A similar argument could be made with a high 

unemployment rate due to a recession against a structurally high unemployment rate. If there is a high 
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unemployment rate due to a recession, this would most likely mean that young people would have an 

incentive to prolong their education. In contrast, if it is a structurally high unemployment rate, it 

would reduce the return to education. The unemployment rate in Italy was increasing after 2007. 

Furthermore, there is a great divide in Italy's North and South region, and the unemployment rate is 

three times higher in the Southern part of Italy than in the Northern part (Usseglio, 2016). In Hungary, 

the unemployment rate was relatively stable at about 7% before the financial crisis but increased to 

more than 10% after. In Denmark, the unemployment rate was reasonably low before the crisis and 

also increased after 2008. The unemployment rate in Austria has been somewhat stable and below-

average through the whole period. In Austria, labor market policies were implemented to both support 

employment and soften the impact of unemployment. For example, by facilitating access to training 

leave, including short-time working, and increasing the labor market activation budget (Famira-

Mühlberger & Leoni, 2013). 

 

Below, the youth unemployment rates and unemployment rates by gender are discussed. 

Unemployment rates can also be split by educational level, but the development of these rates is very 

similar to the general unemployment rates. The unemployment rates of people with upper secondary 

education and tertiary education can be seen in Appendix 5. As expected, the rate of those with tertiary 

education is slightly lower across all countries.  

 

5.4.1. Youth unemployment 

As discussed in the literature review, multiple authors find significant effects on enrollment regarding 

youth unemployment. For this thesis, the youth unemployment rate is considered the unemployment 

rate of people aged 15-24. Figure 8 shows the youth unemployment rate for the countries of interest 

from 2004-2013. Again, the development pattern in the youth unemployment rate over the years is 

closely linked to the overall unemployment rate. Although clearly, the youth unemployment rates are 

higher for all countries, especially Italy and Spain. The most pronounced difference between general- 

and youth unemployment was seen in Italy in 2013. Here, the general unemployment rate was 13%, 

whereas the youth unemployment rate was 40%.  
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Figure 8. Youth unemployment rates, 2004-2013 

 
Source: Eurostat (2021d). 

 

5.4.2. Unemployment by gender 

Another factor that can influence the probability of enrolling is gender. In the previous study by 

Ayllón and Nollenberger (2020), women´s enrollment is affected less by unemployment rate changes. 

Thus, a description of the differences in unemployment by gender is relevant. In general, the trends 

in unemployment are very much alike across gender (Eurostat, 2021d). Male unemployment was 

lower than female unemployment for all countries until the financial crisis. The highest differences 

were in Italy and Spain in 2004. Male unemployment increased more than female unemployment 

across all countries during the crisis, and male unemployment became higher than female 

unemployment for Denmark, Austria, and Hungary in 2009. Figures with the unemployment rates for 

males and females can be seen in Appendix 6. 

 

5.4.3. Part-time work 

The opportunity to work part-time as a student can positively affect the probability of enrolling, 

especially in countries with higher costs of studies. If potential students can work part-time while 

studying, they have the opportunity to finance the studies themselves instead of relying on grants or 

parents’ resources. Hence, the availability of part-time work may influence the unemployment of 

young people and, additionally, the possibility of enrolling. 
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According to a study made by the OECD (2012a), about 39% of students work while studying on 

average in the 23 countries participating in the PIAAC3. Figure 9 presents the shares for the relevant 

countries. In Italy, only about 16% of students work, while in Spain it is about 30% of students, and 

in Austria and Denmark, about 51% and 57% of students work, respectively.  

 

Figure 9. Share of youth in percentage aged 16-29 combining work and study, 2012 

 
Note: Hungary did not participate in the study. Source: OECD (2012a) 

 

The evolution of the share of students combining work and study throughout the recession is not 

accessible. Instead, the share of part-time employment of total employment from 2004-2013 in the 

examined age group is shown in Table 6 below. 

 

Table 6. Part-time employment as a percentage of total employment in the age group 15-24 

 
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

Austria 12.2 15.9 15.2 17.7 18.2 17.8 19.3 19.4 19.2 20.2 

Denmark 55.9 56.0 58.4 54.5 56.0 60.3 61.4 61.9 64.5 64.9 

Hungary 4.1 4.3 4.8 5.5 5.7 7.3 9.2 10.1 9.9 9.0 

Italy 17.0 15.9 17.5 18.7 20.7 21.3 24.2 23.9 27.5 28.4 

Spain 14.9 20.9 21.1 21.2 22.9 25.5 29.7 32.6 35.4 39.8 

Source: Eurostat (2021j). 

 

 
3 Hungary didn’t participate in the first round of the PIAAC. 
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Here, it is seen that the proportion of part-time workers increases across all countries except Austria 

from 2008 to 2009. This could mean that full-time jobs are more affected by economic crises 

compared to part-time jobs, but it could also indicate that more people are studying and working at 

the same time. In a previous study, Johnson (2013) finds that more people in the US replace full-time 

enrollment with part-time enrollment during the recession to be able to work while studying.  

 

Part-time work in this age group is prevalent in Denmark compared to the other countries, consistent 

with the data showcased in Figure 9. The growth is high in Hungary, however, it is also the country 

with the lowest general level. In Spain, there is also a substantial increase throughout the entire period. 

From 2008 to 2009, the absolute changes in Austria and Italy are quite small. As for the absolute 

increase, it is the largest in Denmark with 4.3 percentage points.  

 

5.5. GDP 
When discussing an economic crisis, it is essential to understand the actual economic impact. In 

Figures 10a and 10b, GDP per capita and GDP per capita in percentage of 2004 GDP-level for each 

country across the examined period are shown, respectively. 

 

Figures 10a and 10b. GDP per capita (Figure 10a) and GDP per capita calculated in percentage of 

2004 GDP (Figure 10b) 

 
Source: (Eurostat, 2021b)  
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The general level of GDP per capita is quite different across the countries. GDP per capita is highest 

in Denmark, then follows Austria, Italy, Spain, and Hungary.  

 

There is an increase in GDP per capita across all countries until 2008 and then a more drastic decrease 

caused by the financial crisis. Even though all the countries are negatively affected by the financial 

crisis, the magnitudes of the effects differ. Spain is hit the hardest in the long run, as their GDP keeps 

decreasing after 2008. In Italy and Hungary, the initial decrease was significant, and they do not 

recover so fast, with the level of GDP in 2013 being below the level in 2008. In Austria and Denmark, 

GDP per capita increases again from 2009, and their 2013 GDP per capita exceeds the 2008 levels. 

In Austria, the initial decrease was smaller compared to the remaining countries. Austria recovered 

from the crisis reasonably well, mainly by having a stable economy beforehand, but also by 

implementing economic policies as well as the labor market policies mentioned previously (Famira-

Mühlberger & Leoni, 2013).  

 

5.6. Income and wealth 
As mentioned in both the theory and literature review section, the income and wealth of an 

individual’s parents can substantially influence the individual’s future earnings and choice of 

education. Additionally, the expectation of higher future earnings can be one of the main reasons for 

an individual to enroll in higher education. Therefore, the differences in average income in each 

country, as well as the income inequality across gender and educational levels, are described. 

 

5.6.1. Expected future earnings 

Tables 7 and 8 show the median equivalized net income for people aged 18-64 in euros by those who 

have attained upper secondary or post-secondary non-tertiary and those with tertiary education, 

respectively. Furthermore, in Table 9, the wage gap between the two levels is shown. Here it is clear 

that in Austria and Denmark, both wage types increased throughout the observed period. However, 

in Spain, Hungary and Italy, wages decreased from 2008-2013 except for a few years. Furthermore, 

the wage gap increases substantially throughout the recession in Denmark and Spain. In the remaining 

countries, the wage gap fluctuates over the course of the recession but decreases a bit overall in Italy 

and Austria and increases a bit overall in Hungary.  
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Table 7. Median income attained for people aged 18-64 with upper secondary or post-secondary non-

tertiary education 

  2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 
Austria 18,110 18,898 19,086 19,383 20,758 21,842 22,668 23,122 23,517 23,731 
Denmark 22,632 23,616 24,314 25,175 25.663 26.360 27.307 27.815 28.385 28.297 
Hungary 3.587 3.587 4.075 4.075 4.506 4.853 4.345 4.636 4.825 4.481 
Italy 15.908 16.621 16.733 17.385 17.926 18.041 18.236 17.812 17.803 17.009 
Spain 11.435 11.976 12.611 13.110 15.583 16.109 15.795 15.122 14.473 14.157 

Note: All values are denoted in euros. Source: Eurostat (2021e). 

 

Table 8. Median income attained for people aged 18-64 with tertiary education 

  2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 
Austria 21.687 22.467 22.671 22.969 24.954 26.607 26.953 27.824 27.786 28.133 
Denmark 26.336 27.433 27.969 29.439 29.350 30.883 31.996 33.933 33.768 34.236 
Hungary 5.260 5.260 6.077 5.833 6.252 6.849 6.092 6.843 6.709 6.493 
Italy 21.208 22.387 22.949 23.508 23.360 23.672 23.869 23.000 23.261 22.525 
Spain 14.761 15.680 16.599 16.957 20.587 22.095 21.725 20.744 20.506 19.419 

Note: All are denoted in euros. Source: Eurostat (2021e). 

 

Table 9. The absolute wage gap between attained tertiary and upper secondary education 

  2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 
Austria 3.577 3.569 3.585 3.586 4.196 4.765 4.285 4.702 4.269 4.402 
Denmark 3.704 3.817 3.655 4.264 3.687 4.523 4.689 6.118 5.383 5.939 
Hungary 1.673 1.673 2.002 1.758 1.746 1.996 1.747 2.207 1.884 2.012 
Italy 5.300 5.766 6.216 6.123 5.434 5.631 5.633 5.188 5.458 5.516 
Spain 3.326 3.704 3.988 3.847 5.004 5.986 5.930 5.622 6.033 5.262 

Note: All are denoted in euros. Source: Eurostat (2021e). 

 

Increases in the wage gap could potentially increase the return to education. However, on the other 

hand, decreases in median wages combined with a higher unemployment rate could mean fewer 

people can afford to enroll in higher education, especially in the less wealthy countries, and if 

education is costly. 

 

In Table 10, the relative wage gap is shown for the year 2013. The relative wage gaps between those 

with tertiary education and upper secondary education are lowest for Austria, where the income is 

18.5% higher for highly educated people, followed by Denmark with 21%, Italy with 32.4%, Spain 

with 37.2%, and Hungary with 44.9%. The order does not change much over time. 
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Table 10. Median income by educational attainment in 2013. 

  Austria Denmark Spain Hungary Italy 
Relative wage gap w`ab`

cde
− 1x 18.5% 21.0% 37.2% 44.9% 32.4% 

Note: All are denoted in euros. Source: Eurostat (2021e). 

 

For Spain, Italy and Hungary, the effect of unemployment rate changes on education might vary a lot 

over the different groups of people in the sample when considering the higher cost of schooling, lower 

income and higher inequality. On the one hand, high inequality between the educational levels 

observed above might be an incentive for people to enroll in tertiary education. On the other hand, 

combining this with a higher cost of schooling and lower income, a higher inequality might increase 

costs indirectly. Therefore, further education might not be worth the investment. People who come 

from households with high income are more likely to enroll in higher education than people of low-

income households, who might even be less likely to enroll when unemployment rates are high, as 

found by Ayllón and Nollenberger (2020). Interestingly, in Spain, both the absolute and the relative 

wage gap between workers with upper secondary and tertiary education are quite high. This could 

help explain the generally high level of people enrolled in higher education in Spain. 

 

It is well known that there have been differences in earnings across gender. The difference between 

average gross hourly earnings of male and female employees as a percentage of male gross earnings 

in 2018 was highest in Austria with 19.6%, followed by Denmark with 14.5%, in Spain 14%, in 

Hungary 11.2%, and in Italy it was 5% (Eurostat, 2021k). However, the gender pay gap is much lower 

today than it was in the past (Waldfogel, 1998). Waldfogel (1998) also showed that the gender gap is 

much smaller for younger people. This could be because the gender gap usually becomes more 

evident when people decide to start a family and because women have longer maternity leave than 

men. Hence, the lower gender pay gap in the younger generations can be a product of a change that 

has been going on for a long time or simply be caused by the fact that the gender pay gap increases 

when the workers have children. Livanos and Nunez (2012) found that the pay gap between genders 

is smaller for graduates than for individuals with secondary education, indicating that higher 

education reduces the gender pay gap.  
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5.6.2. Wealth inequality 

In this section, the household wealth inequality is presented. Here, the shares of the total household 

wealth held by some percentage of the wealth distribution and the mean to median net wealth ratio 

are used to measure inequality4. This is shown in Table 11. 

 

Wealth inequality is especially high in Denmark and Austria, where the mean to median ratio is 4.68 

and 3.01, respectively. Likewise, the top 10% own more than half of the total wealth in both countries, 

while the bottom 40% in Austria owns 1% of total wealth, and in Denmark, the bottom 40% are in 

net debt, so they own -8.6% of the total wealth. Hungary, Italy, and Spain have a relatively lower 

mean to median ratio, and the differences in how much the bottom 40% and top 10% owns are 

smaller. The wealth measures should be seen in conjunction with the income, as a high income might 

allow people to take on more debt and thereby reduce net wealth. Coincidentally, Denmark and 

Austria were the countries with the highest median income, as shown in the above section. 

 

Table 11. Percentage of household wealth held by 40% and 10% of the wealth distribution, and mean 

to median net wealth ratio, measured in 2015 or most recent year available. 
  Bottom 40% share of wealth Top 10% share of wealth Mean to median net wealth ratio 

Austria 1% 55.6% 3.01 

Denmark -8.6% 64% 4.68 

Hungary 5% 48.5% 1.94 

Italy 4.5% 42.8% 1.55 

Spain 6.9% 45.6% 1.71 

Source: Balestra and Tonkin (2018), OECD (2018). 

 

5.7. Living with parents 
Whether or not an individual lives with their parents can significantly affect the probability of 

continuing schooling, as found by Petrongolo and San Segundo (2002).  

 

In Figure 11, the share of people in different age groups living with their parents in 2019 is shown. It 

can be seen that the share of people aged 16-19 living at home is above 90% across all countries. The 

share of people living with their parents drops substantially in Denmark already from age 20, and in 

 
4 The mean to median net wealth ratio = ./01	1/3	4/0536./7801	1/3	4/0536. This helps represent how skewed the income distribution is. 
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Austria, there is a significant drop after age 25. Italy, Spain, and Hungary all lie well above the EU 

average in all age groups.  

 

Figure 11. Percentage of young people in percent living with their parents, split into age groups, 2019. 

 
Note: EU-27 is an estimate. Source: Eurostat (2021l). 

 

The reasons for the observed differences can be manifold, with factors such as cultural acceptability 

or economic reasons coming to mind. One economic factor, the relatively high unemployment 

observable in Italy and Spain, might be a significant reason, as this can lead to higher dependency on 

the family. 

 

5.8. Number of Children 
The number of children in a family can influence the amount spend per child and thereby the 

educational options of each child (Becker, 1993). Per 2018, each woman had, on average, 1.73 

children in Denmark, 1.55 in Hungary, 1.47 in Austria, 1.29 in Italy, and 1.26 in Spain (Eurostat, 

2021m). Furthermore, of all childbirths in 2018, 20.6% were a third child or higher in Hungary, 17.6% 

in Austria, 16.7% in Denmark, 15% in Italy, and 12% in Spain (Eurostat, 2021m).  

 

In Denmark and Austria, relatively many children are born, and families are also relatively large. 

However, in these countries, the average income is also high, and the cost of schooling is low. 
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Therefore, the number of children should not affect the enrollment in higher education in these 

countries that much. In Hungary, many children are born, families are relatively large, and many 

young people live with their parents, but the average income is very low, and the cost of schooling is 

relatively high. Therefore, the number of children in Hungary might affect the average enrollment in 

higher education. In Spain and Italy, fewer children are born, but the children live with the parents 

for a long time, and so the probability of enrolling might be negatively affected as well. 

 

5.9. Unemployment benefits 
The unemployment benefits system of a country can provide higher flexibility concerning the choice 

of studying versus not studying, but the systems of each country are pretty complex. An overview is 

made in a report by Esser et al. (2013). Some noteworthy points that the countries differ in are the 

unemployment insurance replacement rates5 and the duration of unemployment insurance (this is very 

correlated with the percentage of GDP spent on unemployment benefits (Esser et al., 2013)). This 

can be seen in Figure 12. Denmark and Spain both have relatively high replacement rates and duration 

of insurance; Italy has a high replacement rate but low duration; Austria has a medium replacement 

rate and low duration, and Hungary has both a low replacement rate and duration.  

 

Figure 12. Unemployment insurance replacement rates and duration. 

 
Source: Esser et al. (2013), figure 2 and 4. 

 

 
5 The replacement rate is a measure of how much of average income the unemployment insurance covers. 
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As to how strict the requirements to get unemployment insurance generally are, when it comes to job-

search requirements, monitoring procedures and work-availability requirements, in 2011, Denmark 

was the strictest, followed by Italy, then Austria, Spain, and last is Hungary (OECD, 2021). It could 

be assumed that the size of unemployment benefits could influence the attitude towards the 

unemployed. This is studied by Buffel and Van de Velde (2018). It is concluded that the negative 

attitude towards unemployed is most extensive in Hungary, then Austria and smallest in Denmark 

and Spain.  

 

The above describes what it is like to be unemployed in the selected countries. However, it is difficult 

to draw a direct parallel between this and the probability of enrolling in higher education, as it has 

not been used in earlier literature and the connection to the theory is unclear.   

 

5.10. Healthcare 
Another factor that can impact the propensity to enroll in higher education is healthcare. If there are 

great differences in the availability of healthcare, it can cause social inequality and impact education 

and labor market outcomes (OECD, 2019). In the countries examined in this thesis, there are some 

differences in the structure of the healthcare systems, but healthcare is free for at least basic needs in 

every country and universal in most (European Commission, n.d.; HealthManagement, 2010; 

InterNationsGo, 2020; WHO, n.d.-a, n.d.-b). Hence, the differences in healthcare are not considered 

a key influence on the socioeconomic differences in the examined countries and are not discussed 

further. 

 

5.11. Sectional conclusion 
The countries included in the analysis differ in various socioeconomic areas. The cost of education is 

much lower in Denmark and Austria than in Spain, Italy, and especially Hungary, both in terms of 

annual fees, the fraction of students receiving grants, and grant sizes. Spain and Denmark have the 

highest proportions of people in higher education. People start relatively early in higher education in 

Spain, while they start late in Denmark. The reasons for this are likely found in the educational 

systems, where the youth in Spain finish upper secondary education early, while people in Denmark 

finish late and take gap years. Furthermore, Austria’s proportion of people in higher education is 

relatively low due to the extensive vocational education system in Austria and classification 

differences.  
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The effect of the financial crisis was quite different across the countries. Spain and Italy were highly 

affected by an increased unemployment rate and a decrease in GDP per capita. In contrast, Austria 

was affected the least on both parameters. Furthermore, youth unemployment is much higher than 

general unemployment in most countries. Throughout the financial crisis, part-time work as a 

percentage of total employment for people aged 15-24 increased in all countries. However, this could 

be due to increases in general youth unemployment or because more people combine work and study 

during recessions. A significant share of the youth works part-time in Denmark, while very few do 

so in Hungary. 

 

The median earnings when having either an upper secondary education or a tertiary education are 

shown in Section 5.6.1. Here, each country's absolute and relative wage gap between educational 

levels is also shown. In 2013, the absolute wage gap was largest in Denmark, closely followed by 

Austria, Italy, and Spain, and was the smallest in Hungary. The relative wage gap was largest in 

Hungary, followed by Spain, Italy, Denmark, and Austria. On the one hand, it could be argued that 

the relative wage gap is most important for the experience of a wage increase that an individual has. 

On the other hand, when considering the cost of schooling, the absolute wage gap might be more 

influential. Wealth inequality can affect whether all possible students can afford higher education. 

However, wealth inequality is most prominent in the wealthiest countries measured in GDP per 

capita. Thus, wealth inequality should probably be seen in combination with GDP per capita before 

it can truly tell anything about the probability of enrolling in higher education across the countries.  

 

Also, the acceptance and possibility of living with parents can be an indicator of the indirect cost of 

schooling, as it is generally assumed to be costly to move out. In Italy, Spain and Hungary, people 

live with their parents for a long time, while they move out relatively quickly in Denmark and Austria. 

Families tend to be larger in Denmark, Austria and Hungary compared to Spain and Italy. Lastly, the 

number of siblings can be an indicator of how the available resources in a given family are distributed, 

as more siblings mean fewer resources are spend per child (Becker, 1993). The average number of 

children per woman is highest in Denmark, with 1.73 children and the lowest in Spain at 1.26 children.  

 

All these factors are believed to influence individual educational decisions and thereby the probability 

of enrolling across the countries. However, the exact effects might be difficult to see in the data, as 

some of them are ambiguous, and some might be overshadowed by others. Generally, the level of the 
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different factors can have some altering effects on how significant the unemployment rate changes 

are for educational decisions.  

 

6. Analysis 
In this section, the analysis is done. The first sub-section presents descriptive statistics on the data 

used. Then, the regression results with the primary quarterly data are presented. Various additional 

regressions are done to see how much the unemployment rate affects the results and whether the 

effect varies under other specifications of the data used. Following are the interpretations. Next, some 

robustness checks are done. Finally, a section discussing critique of the model choices and limitations 

is presented. 

 

6.1. Descriptive Statistics 
This section examines the data and gives a sense of the distribution of the data, and it can further 

support the socioeconomic differences presented in the previous section. The main focus is on 

education and unemployment, as those are the primary variables, but the remaining variables are 

briefly examined at the end of the section.  

 

Summary statistics are presented for each country. All statistics presented here, except for the 

unemployment rates, are based on the LFS PUF for people aged 15-24 who have attained upper 

secondary education, as this is the core group of people examined in the analysis. As for the 

unemployment rate, the data is from Eurostat, and it is based on every individual in the population 

aged 15-74, unless stated otherwise. Due to the descriptive nature of this section, the survey weights 

are included here, but they are still excluded in the regressions as explained in the data section. 

Including weights does not make a notable difference to the summary statistics.  

 

6.1.1. Education 

Current educational levels across countries 

Figure 13 shows the current educational activity of the respondents who have attained upper 

secondary education. The educational activity is specified in ISCED levels 1 to 6 and ‘not in 

education’ for all the examined countries. The majority is either in level 5 corresponding to first stage 



58 
 

tertiary education (short-cycle tertiary education, bachelor’s, master’s degree or equivalent, i.e., 

“higher education”) or not in education.  

 

Figure 13. The current educational level of people aged 15-24 with upper-secondary education 

attained 

 
Note: Weighted with survey weights. The levels used are the ISCED 1997 levels: 1 = Primary, 2 = Lower secondary, 3 = 

Upper secondary, 4 = Post-secondary non tertiary, 5 = First stage tertiary, 6 = Second stage tertiary. 

 

There are very few or no people in levels 1, 2, 4, and 6, which corresponds to primary, lower-

secondary, post-secondary non-tertiary, and PhD-level education. Hence, they are barely visible in 

the figure. Low participation in level 1 and 2 is expected, as people who have attained upper 

secondary education ordinarily does not need lower education. Level 4 is quite uncommon in most 

countries, except in Austria, which is also seen in Figure 13. Almost no individuals are enrolled in 

level 6, which makes sense because of the age group examined, but mainly because the individuals 

examined have only attained upper secondary education. Finishing some kind of tertiary education is 

usually required before enrolling in a PhD program or another form of doctorate.  

 

It is seen that the major proportion of the examined people in Spain are enrolled. As mentioned in 

Section 5.1, in general, more people attain higher education in Spain and Denmark. Yet, people attend 

higher education at a much younger age in Spain. As the examined age group is relatively young, the 

share of people enrolled is highest in Spain. Furthermore, the share of people enrolled in higher 

education is lowest in Austria, which is, as explained in Section 5.2, mainly due to the extensive 

vocational system and the classification of education in nursing and caretaking of children as ISCED 
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level 3, and not level 5. Vocational education is also classified as ISCED level 3, upper secondary 

education. It is not possible to enroll in higher education directly after most vocational education. 

Thus, people who have finished vocational education are included in the examined data, but they are 

likely not considering enrolling in higher education. Hence, these will most likely not be in education. 

In Spain, on the other hand, upper secondary education mainly consists of general education, e.g., 

high school. Consequently, most of the people in the examined data from Spain have the option to 

enroll in higher education (Eurydice, 2020c). In Section 5.2, it is also described how post-secondary 

non-tertiary education (ISCED level 4) is much more common in Austria compared to the remaining 

countries and that it does not exist in Spain. In Figure 13, it is seen that Austria is the only country 

where a visible amount of people is enrolled in such educations.  

 

The general level of people in higher education across the countries is likely also different because 

of other factors described in the socioeconomic differences section. These could be the cost of 

schooling, expected future earnings, wealth inequality, living with parents, and the number of 

siblings. These differences in average enrollment in the examined age group across the countries do 

not pose a major concern for the regressions, as the change in probability of enrollment is examined 

and compared across countries, not the average probability.  

 

Higher education across time and countries 

The development of people in higher education across time is shown for all of the included countries 

in Figures 14a and 14b below. In Figure 14a, the share of people enrolled in higher education is shown 

throughout the period with yearly data. In Figure 14b, the same is shown, but with quarterly data.  
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Figure 14. Proportions in higher education with yearly data (14a) and quarterly data (14b) 

  
Note: Weighted with survey weights.  

 

It is seen that there is much seasonal variation in the quarterly data in most countries, so to interpret 

the general development in the share of people enrolled in higher education, Figure 14a is used. In 

Figure 14a, a positive trend over time is seen in Austria and Spain. There is a slight negative trend in 

Italy. In Denmark and Hungary, there are periods of both increases and decreases in the share of the 

examined people in higher education. Again, the proportion is lower for Austria and higher for Spain, 

as mentioned earlier. Figure 14b shows that quarterly variation is higher in Denmark, Hungary, and 

Spain compared to Italy and Austria. The variation seems to “flatten” in Italy and Hungary after the 

financial crisis. 

 

In Table 12, the minimum and maximum proportions enrolled can be seen with the corresponding 

quarter. Italy is the only country where the minimum proportion is in the last years of the observed 

period. The quarter of the maximum proportion varies a bit more for each country. 

 

Table 12. Minimum and maximum proportions enrolled in higher education and corresponding 

quarter 

  Austria Denmark Hungary Italy Spain 
Min 22.2% 30.4% 27.6% 42.2% 45.4% 
Min quarter 2004 Q2 2004 Q3 2004 Q3 2013 Q3 2005 Q3 
Max 32.9% 46.8% 49.5% 51.0% 70.0% 
Max quarter 2013 Q4 2009 Q4 2009 Q1 2007 Q4 2013 Q4 
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Generally, a massification of higher education is believed to be an inherent part of the educational 

systems in most countries, meaning both higher enrollment rates and added complexity to the 

academic profession (Yudkevich, 2017). That is, in the last decades, more and more people enroll in 

higher education, though this is not clear in all countries examined. It is assumed that a more extended 

period of time should be observed for this tendency to be visible.  

 

6.1.2. Unemployment 

To get an overview of the level and development of the unemployment rates, they are depicted across 

time and countries in Figure 15 below. Figure 15 is very similar to Figure 7 from Section 5.4, and the 

conclusions drawn from the two figures are similar. For example, there is a downward trend in the 

unemployment rate for most countries until the financial crisis, and Spain is affected the most by the 

financial crisis.  

 

Figure 15. Quarterly unemployment rates from 2004-2013 

 
Source: Eurostat (2021c). 

 

Youth unemployment, unemployment by educational level and gender are discussed in Section 5.4. 

The development of youth unemployment shows a very similar trend across all countries, though 

youth unemployment is also higher in all countries. When looking at the unemployment rate of only 

those with upper secondary education and those with tertiary education, the unemployment rates also 
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develop very similarly to the general unemployment. Moreover, a much lower rate is visible for those 

with tertiary education, as would be expected. 

 

6.1.3. Remaining variables 

As for the remaining variables, summary statistics can be seen in Table 13.  

 

Table 13. Summary statistics of separate countries 
  Quarterly data Yearly data 

  Austria Denmark Hungary Italy Spain Austria Denmark Hungary Italy Spain 

In higher 

education: 28.8% 39.9% 44.3% 46.9% 58.6% 28.8% 40.0% 44.7% 46.8% 58.5% 

Nationality: 
         

Native 81.2% 86.3% 89.0% 84.6% 61.5% 87.5% 93.6% 96.8% 84.8% 86.4% 

European 3.8% 0.4% 2.1% 1.2% 3.3% 2.2% 0.4% 2.3% 1.2% 3.1% 

Other 15.0% 13.3% 8.9% 14.1% 35.2% 10.3% 6.1% 0.9% 13.9% 10.5% 

Sex: 
          

Male 50.1% 46.8% 50.2% 48.9% 47.0% 50.2% 46.8% 50.2% 48.9% 46.6% 

Female 49.9% 53.2% 49.8% 51.1% 53.0% 49.8% 53.2% 49.8% 51.1% 53.4% 

Number of people in household: 
        

1 
     

9.2% NA 3.8% 1.5% 0.5% 

2 
     

15.9% NA 13.3% 6.1% 7.4% 

3 
     

23.1% NA 24.3% 25.3% 22.5% 

4 
     

24.9% NA 35.3% 45.9% 43.9% 

5 
     

12.4% NA 14.9% 15.6% 17.2% 

6+ 
     

7.3% NA 6.8% 4.3% 7.0% 

NA 
     

7.2% NA 1.5% 1.3% 1.6% 

Observations 108,246 38,529 170,120 277,368 229,927 96,316 32,950 133,360 251,931 47,984 

Note: All statistics here are weighted averages, using the survey weights from the data. The number of observations used 

to construct the averages might differ from the number of observations presented in the Table, as there are missing values 

for some variables.  

 

Regarding nationality, the majority of young people who have attained upper secondary education 

have the nationality of their country of residence. This majority varies from around 60% in Spain to 

around 90% in Hungary when looking at the quarterly data. Likewise, many of the respondents have 

non-European nationality, whereas a small fraction has a European nationality different from the 

country of residence. In Spain, there are a lot with non-European nationalities in the quarterly data. 
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There are notable differences between the quarterly and yearly data regarding the respondents’ 

nationality, especially in Spain.  

 

As for gender, the distribution between males and females is relatively equal, with a slight overweight 

of females in Denmark and Spain. Here the results are very similar in quarterly and yearly data. 

Across all countries, most households consist of 4 people. This is especially notable in Spain and 

Italy. When looking at socioeconomic differences, people in Denmark move out earlier than in the 

other countries, but sadly the number of people in the household is not available in the LFS data for 

Denmark.  

 

How the different variables relate to being enrolled or not enrolled in higher education is seen in 

Table 14.  

 

Table 14. The proportion of people enrolled in higher education by nationality, sex, and number of 

people in the household 
  Austria Denmark Hungary Italy Spain 

Own nationality 29% 40% 45% 48% 64% 

European nationality 50% 53% 43% 13% 21% 

Other nationality 24% 39% 38% 42% 52% 

Male 25% 34% 40% 41% 57% 

Female 33% 45% 48% 53% 60% 

1 person 28% 
 

72% 49% 45% 

2 persons 33% 
 

45% 42% 42% 

3 persons 33% 
 

43% 47% 57% 

4 persons 31% 
 

47% 49% 63% 

5 persons 26% 
 

42% 45% 61% 

6+ persons 22% 
 

33% 41% 52% 

NA 12% 
 

25% 12% 28% 

Note: All statistics here are weighted averages, using the survey weights from the data.  

 

For example, in Austria, 50% of those with European nationality are enrolled in higher education, a 

much larger share than those with native nationality. In Italy and Spain, far less out of those with 

European nationality are enrolled in higher education compared to those with native nationality. A 

higher share of females is enrolled in all countries compared to males. Moreover, there is not much 
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variation in the share of people enrolled in Austria and Italy across household sizes. At the same time, 

Hungary and Spain show huge differences depending on the size of the households. Out of those 

living alone in Hungary, a much higher share is enrolled than in any other household size, while the 

larger households in Spain have larger shares than the smaller households. 

 

6.1.4. Sectional conclusion  

The baseline probability of enrolling in higher education for a person aged 15-24 who has attained 

upper secondary education is relatively higher for persons in Spain and lower for persons in Austria. 

This is the case because the educational systems are different. In Austria, vocational education is 

prevalent, and educations such as nursing are on the same level as upper secondary education, ISCED 

level 3, but this is not the case in the other countries. Therefore, more people educated in healthcare, 

who are not likely to continue education, are included in Austria as not in higher education, while 

they would be considered in higher education in the other countries. In Spain, many people who 

choose a vocational career are believed to be trained out of school. Hence, those completing upper 

secondary education consist of a large share from the general high schools, and not vocational.  

 

6.2. Regression results 
In this section, the regressions are presented. This section is kept free of any interpretations so that 

the presented results are as impartial as possible and to ensure that others could replicate them. Thus, 

all interpretations are performed in Section 6.3. The majority of the regressions are performed with 

quarterly data but, as some variables are only available on a yearly basis, some regressions use yearly 

data. Unless stated otherwise, quarterly data is used.  

 

6.2.1. Main results 

For the main regressions, the higher education dummy is regressed on the general unemployment rate 

and some additional variables. In Panel A of Table 15, regressions for the specific countries can be 

seen without any additional regressors. In Panel B of Table 15, gender and nationality are included 

as well. 
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Table 15. Logit-regression with quarterly LFS-data results 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 
  
Panel A: Quarterly data with only unemployment 
unemp -5.296*** 5.125*** 2.958*** -2.282*** 1.699*** 
 (1.322) (0.657) (0.262) (0.214) (0.066)  
Observations 108,246 37,490 170,120 277,304 227,189 
Log Likelihood -60,937 -24,867 -115,080 -191,816 -150,245       
Panel B: Quarterly data including other features 
unemp -3.064** 5.142*** 1.462*** -1.978*** 0.607*** 
 (1.340) (0.663) (0.289) (0.217) (0.080) 
            
Female 0.437*** 0.390*** 0.416*** 0.535*** 0.190*** 
 (0.014) (0.022) (0.010) (0.008) (0.009)       
      
European nationality 0.900*** 0.557*** -0.154*** -1.826*** -2.055*** 
 (0.038) (0.176) (0.039) (0.055) (0.044) 
            
Non-European nationality -0.270*** 0.039 -0.269*** -0.221*** -0.283*** 
 (0.022) (0.038) (0.019) (0.011) (0.011)  
Observations 225,775 132,659 379,412 654,355 688,091 
Log Likelihood -86,164 -50,782 -188,109 -340,365 -392,727 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01. 

 

In both Panels A and B, the effect of unemployment on the probability of enrolling in higher education 

is negative in Austria and Italy and positive in Denmark, Hungary and Spain. The effect of 

unemployment is less “extreme”, i.e., closer to zero in Panel B compared to Panel A, except in 

Denmark. This could indicate some omitted variable bias in Panel A from omitting gender and 

nationality. In Austria, the coefficient on unemployment is less significant (5% level) in Panel B. 

Otherwise, all coefficients are significant on a 1% level.  

 

Being female increases the probability of enrolling across all countries. Being of European nationality 

relative to being of native nationality increases the probability of enrolling in Austria and Denmark 

and decreases the probability of enrolling in the remaining countries. Being of a non-European 

nationality is insignificant in Denmark and negative in the other countries. 

 

Marginal effects 

To get a better understanding of the regression results seen above, the marginal effect of changing 

certain variables is shown in Figure 16 below. The baseline case used to calculate the probabilities is 

a female with native nationality and a 10% unemployment rate.  
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Figure 16. Probability of enrolling holding all other things equal by changing unemployment rates 

(Figure 16a) and nationality (Figure 16b). 

 
 

In Figure 16a, the probability of enrolling in higher education with an unemployment rate of 5 or 

15%, all else equal, is shown. Interestingly it can be seen that even with a relatively substantial change 

in the unemployment rate, there is only little to modest change in the probability of enrolling in most 

countries.  

 

In Figure 16b, the probability of enrolling in higher education with native or European nationality, 

all else equal, is shown. Excluding Hungary, it is seen that the marginal effects of changing the 

nationality of the examined individual change the probability of enrolling substantially. In Italy and 

Spain, the probability of enrolling is higher if the individual is of native nationality relative to 

European nationality. The opposite is seen in Austria and Denmark.  

 

6.2.2. Additional regressions 

Apart from the above regressions, additional specifications of the model and unemployment rates are 

examined. Various changes provide insights into more specific questions, such as if there is a delayed 

effect or if the effect of unemployment rates differs for men and women. Below, these regressions 

are performed.  

 

Results with lagged unemployment rates 

The LFS data is grouped in quarters, and so the unemployment rates used are an average measure 

throughout the quarter. It is likely that people deciding to enroll in higher education have not observed 
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the unemployment rate in the quarter they enroll, but rather in previous quarters or years. Hence, it is 

possible that individuals do not take the unemployment rate at the time that educational enrollment 

is measured into account. For example, in Denmark, most bachelor’s degrees start in September, but 

the decision is taken at the latest at the start of July (Uddannelses- og Forskningsministeriet, 2020). 

This is why Sievertsen (2016) computes unemployment in May of a given year, to exclude those who 

graduate from high school in June the same year and decide to enroll in continued schooling from the 

calculation of the unemployment rate. 

 

Therefore, lagged unemployment rates are implemented in the regressions in the Panels in Table 16, 

doing the separate regressions with unemployment rates lagged one quarter, two quarters, one year, 

and two years. In these regressions, the variables gender and nationality are also included. Yet, they 

and are excluded in Table 16 to keep the table more compact. See Appendix 7 for the full regressions.  

 

Table 16. Logit regressions with quarterly data and lagged unemployment rates 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 
  
Panel A: Unemployment lagged one quarter 
unemp.lag1 -0.344 4.925*** 0.772*** -2.782*** 0.439*** 
 (1.335) (0.649) (0.284) (0.234) (0.080)  
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,068 -24,674 -114,099 -188,448 -148,417       
Panel B: Unemployment lagged two quarters 
unemp.lag2 1.751 5.110*** -0.301 -3.144*** 0.369*** 
 (1.264) (0.636) (0.272) (0.245) (0.081)  
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,067 -24,671 -114,102 -188,436 -148,422       
Panel C: Unemployment lagged one year 
unemp.lag4 -1.801 5.974*** 0.382 -0.629** 0.918*** 
 (1.317) (0.631) (0.271) (0.306) (0.086)  
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,066 -24,658 -114,101 -188,516 -148,375 
      
Panel D: Unemployment lagged two years 
unemp.lag8 0.658 5.327*** -0.400 3.060*** 1.421*** 
 (1.168) (0.640) (0.277) (0.405) (0.101)  
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,067 -24,668 -114,101 -188,490 -148,333 

Note: All regressions include the other characteristics available. The standard errors are in parentheses. The significance 

levels are *p<0.1; **p<0.05; ***p<0.01. 
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Up until one year lag, the effects of unemployment in Denmark, Italy, and Spain are similar to the 

regressions with the non-lagged unemployment rate, i.e., positive in Denmark and Spain and negative 

in Italy. In Austria, the effects are insignificant for any lags, and the direction of the coefficient varies. 

In Hungary, the effect is positive and significant for one quarter lag but otherwise insignificant and 

varying in direction. In Denmark, Italy and Spain, the effects are much more positive for a one-year 

lag than any other lag and the base results in Table 15. Due to inconsistency in direction and 

insignificance, it is difficult to conclude anything from the results in Austria and Hungary.  

 

Results with youth unemployment rates and unemployment by educational level 

Instead of using the general unemployment rate, the unemployment rate of people aged 15-24 can be 

used as a proxy for labor market conditions. This is done because people might instead consider 

specifically the youth unemployment rate when deciding to enroll in higher education, as this would 

be the unemployment rate they are actually subject to if not enrolling. The results are shown in Panel 

A. In Panel B, the unemployment rate is split by the population’s educational level to see if the reasons 

given by Sievertsen (2016) are valid for these countries6. More on this in Section 6.3.2. The results 

are shown in Table 17. Again, gender and nationality are included in the regressions, and the complete 

regression specifications can be seen in Appendix 8. 

 

 

 

 

 

 

 

 

 

 

 

 

 
6 Sievertsen’s (2016) data allows him to compute the unemployment rates much more specifically than what can be 
found in Eurostat. In Sievertsen’s (2016) study, these unemployment rates are defined as skilled and unskilled.  
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Table 17. Logit regressions with quarterly data with youth unemployment rates and unemployment 

rates by educational level 

  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 
  
Panel A: Youth unemployment 
unemp_young -2.292*** 2.249*** -0.024 -0.761*** 0.263*** 
 (0.633) (0.32) (0.12) (0. 06) (0.04) 
       
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,061 -24,678 -114,103 -188,446 -148,408       
Panel B: Unemployment rates by educational level 
UpperSecondaryEducationRate -3.854** 9.726*** 8.993*** -1.984*** -0.856** 
 (1.857) (1.210) (0.769) (0.431) (0.358) 
            
TertiaryEducationRate 3.683** -8.882*** -18.844*** -0.361 2.887*** 
 (1.783) (1.959) (1.654) (0.883) (0.627) 
       
Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,065 -24,664 -114,033 -188,472 -148,377 

Note: All regressions include the other characteristics available.  The standard errors are in parentheses. The significance 

levels are *p<0.1; **p<0.05; ***p<0.01 

 

With youth unemployment rates, there is consistency in the direction of the effects except in Hungary, 

where the effect is also insignificant. In general, the effects are less extreme, i.e., closer to zero, 

compared to the results with the general unemployment in Table 15.  

 

As for the regressions with unemployment rates by educational level, the effects of the upper 

secondary and tertiary unemployment rates are opposite across all countries, except in Italy, where 

one effect is also insignificant. Thus, if the effect of one is positive, the effect of the other is negative. 

In Denmark and Hungary, the enrollment probability increases with the unemployment rate of people 

with upper secondary education, and it decreases in Austria and Spain.  

 

Results split into data with males and females 

As mentioned in the literature review, previous studies have shown different effects of unemployment 

on educational enrollment across gender. Similarly, to examine whether the effect of unemployment 

on the educational decision is different for males and females, the data is split on gender in Table 18. 

Full regression specifications with nationality can be seen in Appendix 9.  
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Table 18. Regressions with data split into males and females 

  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 
  
Panel A: Only males 
unemp 5.021** 6.899*** 2.942*** -1.598*** 0.625*** 
 (1.999) (0.988) (0.412) (0.310) (0.114) 
  
Observations 55,244 17,861 86,825 135,919 107,050 
Log Likelihood -28,200 -11,332 -56,706 -91,607 -71,158 
Panel B: Only females 
unemp -9.846*** 3.682*** 0.023 -2.350*** 0.589*** 
 (1.811) (0.896) (0.407) (0.303) (0.111) 

 
Observations 53,002 19,584 83,294 141,385 120,139 
Log Likelihood -31,829 -13,338 -57,365 -96,843 -77,245 

Note: All regressions include the other characteristics available. The standard errors are in parentheses. The significance 

levels are *p<0.1; **p<0.05; ***p<0.01. 

 

Across all countries, males’ decisions are affected more positively by the unemployment rate 

compared to females. In Italy, the effect is still negative, and in Spain, the difference between the two 

is minimal. In Austria, there is a significant negative effect of unemployment on females’ decisions.  

 

Results including GDP per capita and seasonality 

Looking at an economic crisis, it is interesting to also look into the GDP per capita. As mentioned in 

socioeconomic differences Section 5.5, the countries are affected differently by the recession in terms 

of decreases in GDP and increases in unemployment. Changes in GDP could potentially affect public 

education budgets, income, or many other factors related to the economy’s prosperity, as argued by 

Ayllón and Nollenberger (2020). Furthermore, it is interesting to examine if including this changes 

the effect of the unemployment rate, as GDP per capita and unemployment must be somewhat 

negatively correlated, cf. Okun’s law (Sánchez & Liborio, 2012). 

 

As shown in Figure 14b in Section 6.1.1, there is a large degree of quarterly fluctuations in the number 

of people enrolled in higher education. Therefore, seasonality is examined in regressions shown in 

Panel B and C of Table 19. Seasonality is included by adding the quarters as a factor, also to adjust 

for any unobservable variables that might vary across quarters, but not across countries or years. The 
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effects of the various explanatory variables might also fluctuate across the different quarters. Full 

regression specifications with nationality and gender can be seen in Appendix 10. 

 

Tabel 19. Including GDP per capita and seasonality 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 

  (1)  (2)  (3)  (4)  (5) 
      

Panel A: Including GDP Per capita 
unemp 3.973** 3.024*** 1.483*** -2.006*** 0.633*** 

 (1.561) (0.727) (0.294) (0.217) (0.08)       
gdp per capita 0.101*** 0.143*** -0.008 -0.061*** 0.074*** 

 (0.011) (0.020) (0.021) (0.012) (0.013) 
       

Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,026 -24,648 -114,090 -188,463 -148,386 
Panel B: Seasonality 

unemp -2.115 5.330*** 1.237*** -2.952*** 0.486*** 
 (1.409) (0.672) (0.294) (0.226) (0.08)       

QUARTERQ2 0.007 -0.120*** -0.040*** -0.078*** -0.135*** 
 (0.021) (0.032) (0.014) (0.011) (0.013) 
      

QUARTERQ3 0.028 -0.186*** -0.253*** -0.147*** -0.449*** 
 (0.021) (0.030) (0.014) (0.011) (0.012) 
      

QUARTERQ4 0.074*** 0.073** -0.022 0.004 0.095*** 
 (0.021) (0.031) (0.014) (0.011) (0.013) 
       

Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,057 -24,627 -113,883 -188,354 -147,271 
Panel C: GDP + Seasonality    

unemp 3.664** 2.328*** 0.387 -3.568*** 0.448*** 
 (1.585) (0.792) (0.315) (0.229) (0.081) 
      

QUARTERQ2 -0.022 -0.213*** -0.104*** 0.063*** -0.107*** 
 (0.021) (0.034) (0.017) (0.014) (0.013) 
      

QUARTERQ3 -0.007 -0.260*** -0.343*** -0.059*** -0.442*** 
 (0.021) (0.032) (0.019) (0.012) (0.012)       

QUARTERQ4 0.001 -0.070* -0.148*** 0.307*** 0.135*** 
 (0.023) (0.037) (0.022) (0.021) (0.014) 
      

gdp per capita 0.100*** 0.172*** 0.254*** -0.382*** -0.092*** 
 (0.013) (0.024) (0.034) (0.023) (0.015) 
       

Observations 108,246 37,445 170,119 277,304 227,189 
Log Likelihood -60,026 -24,602 -113,855 -188,214 -147,251 

Note: All regressions include the other characteristics available. GDP per capita is in 1000 EUR. The standard errors are 

in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01.  
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The GDP per capita has a positive effect in Austria, Denmark and Spain without quarterly effects, 

and in Austria, Denmark and Hungary when taking into account quarterly seasonality as well. While 

the effect of unemployment rates in Denmark, Hungary, Italy, and Spain has the same direction as 

the main regressions, the effect in Austria becomes very positive. This change in effect is assumed to 

be due to the low amount of variation in the unemployment rate data for Austria. Looking at 

seasonality in Panel B, the first thing that stands out is that Austria’s unemployment rate is now 

insignificant. As for the quarters, it is seen that the coefficients are negative in quarters 2 and 3 and 

positive in quarter 4 relative to quarter 1. Thus, the probability of being enrolled is highest in quarter 

4, second-highest in quarter 1, and lowest in quarters 2 and 3. In Panel C, both GDP per capita and 

quarterly effects are included. Here the coefficients on the unemployment rates are similar to the ones 

in Panel A, except that the coefficient in Hungary is insignificant. As for the GDP per capita 

coefficient, the coefficient in Hungary is now positive, and Spain’s coefficient is now negative. The 

effect of GDP is significant across all countries. Interestingly, the coefficients on GDP per capita 

change a lot compared to the results in Panel A, but the coefficients on unemployment do not.  

 

Results including the number of people in the household 

With the yearly data, the number of people in the household is added as a regressor, as this is only 

available on a yearly basis. It adds some explanatory power from a theoretical point of view because 

of its relation to the number of siblings, living with parents, economic situation, and more. Thus, it 

could somewhat be able to indicate the resources available to a family as well as cultural differences 

across the selected countries (Becker, 1993), although many other factors could influence this 

variable as well. The variable with the number of people in the household is not available in Denmark. 

 

 

 

 

 

 

 

 

 

 



73 
 

Table 20. LFS yearly regressions 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 
  
Panel A: Yearly data with only unemployment 
unemp -3.774** 4.938*** 0.733** -3.243*** 2.203*** 
 (1.645) (0.729) (0.319) (0.227) (0.151) 

 
Observations 96.316 32.005 133.36 251.906 47.461 
Log Likelihood -54,643 -21,266 -90,519 -174,181 -31,684 
      
Panel B: Yearly data including other features 
unemp -4.095** 4.942*** 1.143*** -2.588*** 2.547*** 
 (1.665) (0.733) (0.325) (0.231) (0.155)       
Female 0.368*** 0.400*** 0.423*** 0.553*** 0.195*** 
 (0.015) (0.023) (0.011) (0.008) (0.019)       
European nationality 0.694*** 0.543*** -0.139*** -1.724*** -1.753*** 
 (0.056) (0.184) (0.04) (0.056) (0.106)       
Non-European nationality 0.139*** 0.159*** 0.450*** -0.437*** -1.264*** 
 (0.027) (0.051) (0.068) (0.017) (0.047) 
      
2 people  0.208***  -1.119*** -0.291*** 0.300* 
 (0.035)  (0.038) (0.041) (0.157)       
3 people  0.290***  -1.108*** -0.104*** 0.836*** 
 (0.033)  (0.036) (0.038) (0.153) 
      
4 people  0.266***  -0.968*** 0.037 1.065*** 
 (0.033)  (0.035) (0.037) (0.153)       
5 people  0.046  -1.209*** -0.149*** 0.992*** 
 (0.036)  (0.037) (0.038) (0.154)       
6+ people  -0.167***  -1.640*** -0.352*** 0.764*** 
 (0.042)  (0.04) (0.042) (0.157)       
Number of people N/A -1.102***  -2.200*** -1.694*** -0.224 
 (0.053)  (0.068) (0.069) (0.189) 
  
Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,375 -21,089 -88,570 -169,718 -30,678 
            

Note: Denmark does not have data on the number of people in the household. The standard errors are in parentheses. The 

significance levels are *p<0.1; **p<0.05; ***p<0.01. 

 

The effect of the unemployment rate on enrollment in higher education when looking at the yearly 

data is similar to the previous results, hence negative effect in Austria and Italy and positive in the 

remaining countries. The effect of being female is still positive. Being of European and non-European 

nationality is positive in Austria and Denmark and negative in the other countries, except in Hungary, 

where it is now positive to have non-European nationality. 
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Regarding the additional variable, the number of people in the household, the effect is different across 

the countries. In Austria, it is positive being up to five people relative to living alone, and most 

positive being three people. In Hungary and Italy, the effect of living more people together is almost 

always negative, meaning the effect of living alone is highest. In Spain, it has a positive effect being 

more than one person, with the most positive effect being for people living four together. 

 

Results including the absolute wage gap 

According to theory, a factor that might have some explanatory power is the wage gap between people 

with different educational levels. A higher gap would signal a higher expected income from attaining 

tertiary education, and so a positive coefficient is expected. In Table 21, the absolute income gaps 

between those with upper secondary education and those with tertiary education are included in the 

yearly regressions. Yearly data is used, as the wage gap is only available on a yearly basis. Full 

regression specifications with nationality, gender, and the number of people in the household can be 

seen in Appendix 11. 

 

Table 21. Yearly regressions with absolute income gap in euros 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 

 (1) (2) (3) (4) (5) 
 

unemp -1.975 1.434 0.733* -3.235*** 2.858*** 
 (1.755) (1.288) (0.378) (0.268) (0.282) 

      
abs_income_gap 0.069*** 0.077*** 0.014 -0.072*** -0.023 

 (0.018) (0.023) (0.038) (0.015) (0.017) 
 

Observations 96,316 31,968 128,477 251,906 47,461 
Log Likelihood -53,368 -21,083 -85,364 -169,706 -30,677 

Note: All regressions include the other characteristics available. Denmark does not have data on the number of people in 

the household. The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01. 

 

The coefficient on unemployment turns insignificant in Austria and Denmark and less significant in 

Hungary, but otherwise, they are consistent with the majority of the previously observed coefficients, 

hence positive in Denmark, Hungary and Spain, and negative in Austria and Italy. As for the effects 

of the income gap on the probability of enrollment, they are positive in Austria and Denmark, negative 

in Italy, and insignificant in Hungary and Spain. It is interesting how these differ across the countries, 

and possible reasons for this are discussed in the interpretation section.  
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6.2.3. Sectional Conclusion 

In general, the regressions show that increases in the unemployment rate have a positive effect on 

enrollment decisions in Denmark, Hungary and Spain and a negative effect in Austria and Italy. These 

effects are somewhat robust throughout the regressions, both with different types of unemployment 

rates and with different additional variables. However, robustness varies most for Hungary and 

especially Austria. Being female increases the probability of being enrolled in education. Being of 

native nationality increases the probability of enrolling in Spain, Hungary and Italy, but in Denmark 

and Austria, the probability increases if nationality is non-native European. Males’ educational 

decisions are more positively affected by increases in the unemployment rate compared to females’. 

GDP per capita has a positive effect on enrollment in Austria and Denmark and a negative effect in 

Italy. In Hungary and Spain, the effect differs depending on whether or not quarterly effects are 

included in the regressions. Including GDP capita in the regressions turns the effect of unemployment 

positive in Austria. As for quarters, the probability of enrolling is highest in quarter 4 in Austria and 

Denmark, and in quarter 1 in the remaining countries. The effect of quarters is not robust when 

including both GDP capita and quarters in the same regressions. As for the number of people in the 

household, the probability of enrollment is highest in Hungary and Italy when living alone. In 

contrast, in Austria, the probability is highest when living three people together, and in Spain when 

living four people together. Lastly, the effect of the absolute wage gap between educational levels is 

positive in Austria and Denmark, negative in Italy, and insignificant in Hungary and Spain. Including 

the absolute wage gap changes the significance of unemployment’s effect in Austria, Denmark, and 

Hungary, but not the direction of the effect.  

 

6.3. Interpretations 
In this section, the results shown in the previous section are interpreted. In these interpretations, the 

socioeconomic differences discussed previously are included where relevant. The section starts with 

an interpretation of the main effects of the unemployment rate. Then follows interpretations on 

additional types of unemployment. Lastly, other factors included in the regressions, such as gender 

and nationality, are interpreted. 

 

When looking at enrollment for people aged 15-24 who have previously attained an upper secondary 

education, four possible “effects” of changes in the unemployment rate must be considered: 1) 

starting or not starting at all, 2) Starting or waiting (gap years), 3) prolonging duration of already 
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started education, or 4) dropping out of already started education. The first two relate to individuals 

who have not yet started higher education, and the second two relate to individuals who have already 

started higher education. Unfortunately, these different effects cannot be distinguished from each 

other, as the year an individual finished upper secondary education or when an individual enrolled in 

their current education is not available. 

 

In general, the regressions show that increases in the unemployment rate have a positive effect on 

enrollment in Denmark, Hungary and Spain and a negative effect in Austria and Italy. In previous 

literature, a positive relationship between unemployment and enrollment in higher education has been 

found for several European countries (see Ayllón and Nollenberger (2020),  Petrongolo and San 

Segundo (2002), or Sievertsen (2016)). Thus, the results in Denmark, Hungary, and Spain correspond 

to previous studies’ results and suggest that enrollment decisions are countercyclical. Below, the 

differences are explained for each country. 

 

6.3.1. Interpretations on main results 

Denmark 

The effect of the unemployment rate is very positive in Denmark. Generally, as the rate of 

unemployment increases, the opportunity cost of education decreases. This implies that the 

probability of enrolling in higher education increases as the unemployment rate increases. It is not 

necessarily always true as people and households suffer financial repercussions during financial 

recessions. In Denmark, however, the public funding of universities increased, according to 

observations from the European University Association (2021). This, combined with education being 

free in Denmark, indicates that the direct cost of schooling did not increase. Thus, many factors that 

potentially could affect the relationship between the unemployment rate and the probability of 

enrolling in higher education negatively are irrelevant in Denmark. This aligns perfectly with the very 

positive relationship seen.  

 

Compared to the other countries, it appears that Denmark was hit harder on unemployment than it 

was on the other economic factors. This could also help explain the very positive relationship between 

unemployment and the probability of enrolling in higher education. The decrease in opportunity costs 

represents the main effect, and the factors that would have a negative effect, such as decreases in 

public funding or family income, are negligible.  
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The median income of people with both upper secondary and tertiary education is higher in Denmark 

compared to any of the other countries, and income increased throughout the entire period (see Table 

7 and 8 in Section 5.6.1). While it is not a perfect measure, this suggests that other economic factors 

did not affect individuals in Denmark as much. Income is also not as crucial in Denmark, where 

education is free. Still, indirect costs of schooling such as expensive housing should be considered, 

and here the individual’s family might help out.  

 

Furthermore, in Denmark, the absolute (and not relative) wage increase, when having a tertiary 

education compared to having an upper secondary education, is the highest across all countries. 

However, the average wage of a person whose highest attained education is upper secondary is also 

the highest of all the countries. This indicates that both the return to education and the opportunity 

cost is highest in Denmark when it comes to income. Therefore, it could be argued that an increase 

in unemployment – and thereby a decrease in opportunity costs – quickly would flip the scales for 

people who previously considered higher education a bad investment, making higher education a 

good investment.  

 

Lastly, in Denmark, it is prevalent to work while studying. In the socioeconomic differences section, 

the proportion of students aged 16-29 combining work and studies is shown, and Denmark has the 

largest proportion of around 57%. Also, the share of employed people in general aged 15-24 working 

part-time is by far highest in Denmark and increases by more than four percentage points from 2008-

2009. As mentioned, this shows that either full-time employment is more strongly affected by the 

recession or that more part-time jobs are available to young people, many of whom are likely students. 

It would make sense that employers choose to hire student assistants as a substitute to full-time 

employees, as they are much cheaper. Thus, employment opportunities during education are higher, 

making education less expensive and more attractive during recessions.  

 

To recap, the effect of unemployment on the probability of enrolling in Denmark is very positive. 

This is most likely due to a combination of increasing public funding of tertiary education, free 

education, high and increasing median income, the high and increasing wage gap between people 

with upper secondary and tertiary education, and a combination of it being common to work while 

studying and an increase in part-time work. Furthermore, when comparing the recession’s effect on 
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unemployment and GDP, Denmark suffered more severely on unemployment than on GDP per capita 

compared to the remaining countries.  

 

Hungary 

In Hungary, the effect of unemployment on enrollment in higher education is positive as well. Yet, 

Hungary and Denmark are quite different regarding socioeconomic differences. In Hungary, the 

unemployment rate increases a lot, and even though it seems like it peaked in 2010, the 

unemployment rate was still over 10% in 2013. In Hungary, public funding of tertiary education 

decreased by 35.75% from 2008 to 2013 (European University Association, 2021).  

 

The relative wage gap between tertiary and upper secondary education is also quite large. Again, with 

a high return to education, a smaller decrease in the opportunity cost increases the likelihood of 

enrolling in higher education. However, combined with the higher cost of schooling and lower median 

income in Hungary, this wage inequality could impact the opportunity to enroll at all. Suppose one’s 

parents do not have a higher income themselves, perhaps resulting from not having higher education. 

In that case, it would be harder for them to pay for the education, especially during a financial crisis. 

This could have an ambiguous effect on the relationship between the unemployment rate and 

enrollment in higher education. In Hungary, education is much more costly, and the median income 

is much lower than in the remaining countries. Therefore, this is a much larger issue compared to 

Denmark, where incomes are very high and education is free. 

 

Part-time work is not very common, but the relative increase in 15-24-year-olds who have a part-time 

job is quite sizeable. In 2004, 4% of employed young people worked part-time, and in 2013 it was 

9%. Unfortunately, Hungary did not participate in the study regarding how many students are 

combining work and study, but it is assumed that many young people working part-time are also 

studying. This makes education more attractive during recessions, for the same reasoning as for 

Denmark above. Yet, the share of employed people in part-time jobs is small enough that the effect 

of the increase is believed to be minor.  

 

To recap, the effect of unemployment on the probability of enrolling in Hungary is positive. This is 

due to a combination of large increases in unemployment rates and a high return to education. 

However, large decreases in public funding, high cost of schooling, and low median income could 



79 
 

have the opposite effect. Compared to the results in Denmark, it makes sense that the positive 

relationship is smaller in Hungary. 

 

Spain 

In Spain, the effect is also positive. The absolute and relative wage gap between upper secondary and 

tertiary education is also high in Spain. Education is not free, but it is less costly than in Hungary, in 

the sense that more people receive larger grants, and the median income is higher than in Hungary 

and lower than in Denmark.  

 

What is most notable is that Spain is strongly affected by the crisis. The unemployment rate increases 

drastically throughout the period and is over 25% in 2013, and GDP per capita decreases a lot (see 

Figure 7 in Section 5.4 and Figure 10b in Section 5.5). Looking at the two figures, it is clear that the 

unemployment rate increase is very substantial compared to the remaining countries and also relative 

to the GDP decreases. As for the educational budget cuts, the public funding of tertiary education 

decreased by 16.21% from 2008 to 2013 (European University Association, 2021). 

 

The absolute wage gap between upper secondary and tertiary education increased throughout the 

period (see Table 9 in Section 5.6.1). However, both types of income actually decreased throughout 

the period, so the upper secondary income must decrease faster than the tertiary. As described earlier, 

this can have a double-sided effect. In Spain, both the median income and the direct cost of schooling 

are between Denmark and Hungary. Thus, it is difficult to interpret how this affects the relationship 

between the unemployment rate and the probability of enrolling in higher education.  

 

The share of people combining work and studying is below average in Spain (see Figure 9 in Section 

5.4.3). Furthermore, the share of employed young people working part-time increased from around 

15% to around 40% (see Table 6 in Section 5.4.3). This could indicate that more people are combining 

work and study. However, as unemployment, especially youth unemployment, increased drastically 

in Spain, it is probably due to full-time jobs being hit harder by the crisis than part-time jobs. 

 

Furthermore, the drastic increase in the unemployment rate and the consistently positive coefficients 

on the unemployment rate could indicate that the true relationship between unemployment and 

enrollment in higher education is positive. This would mean that the real effect is shown in Spain, 
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and the reason that the effects are negative in Austria and Italy is that the increase in unemployment 

is not significant enough to show the “true” result. Nevertheless, this cannot be tested, as the 

unemployment rate increases like those seen in Spain have not been seen in the remaining countries 

in modern times.  

 

To recap, educational budget cuts and falling income most likely have a negative effect on the 

relationship between unemployment and higher education. The share of part-time students increases, 

but this is probably mainly due to full-time jobs being hit harder by the crisis than part-time jobs, and 

thus it does not reveal anything about the changes in people combining work and studying. However, 

the positive effect of the increase in the absolute wage gap and the increase in the unemployment rate 

is dominating these negative effects. This could be due to the drastic increase in the unemployment 

rate that decreases opportunity costs. Thus, the real effect of the unemployment rate increases is 

positive, and the reason there are negative effects in some countries is because unemployment does 

not increase enough to showcase this, and therefore other factors overshadow the positive effect.  

 

Austria 

In Austria, the relationship between unemployment and enrollment in higher education is negative. 

At first, this could seem odd, as Denmark and Austria are similar in many ways, as seen in the 

socioeconomic differences section. Hence, the effect must be found in some of the factors where they 

differ. The coefficient on unemployment is negative in most regressions, but it varies both in direction 

and significance. 

 

One of the main reasons that the coefficient in Austria differs is, as mentioned in the descriptive 

statistics section, that fluctuations in the unemployment rate in Austria are minimal compared to the 

other countries. This means that the results should be considered more carefully, as it is challenging 

to draw any conclusions when unemployment does not vary a lot. Therefore, small changes in other 

factors could influence the probability of enrollment. If factors that are significantly correlated with 

the unemployment rate are omitted, these could control for much of the change. For example, in the 

quarterly regressions where GDP per capita is included, the relationship between the unemployment 

rate and probability of enrollment turns positive (see Table 19 in Section 6.2.2). More on this in 

Section 6.3.2.  
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Besides the unemployment rate, GDP per capita is also affected the least in Austria, and in 2011 it is 

back at the 2008 level. The slight decrease in GDP did not lead to educational budget cuts, as the 

public funding of tertiary education increased by 32.09% from 2008 to 2013 (European University 

Association, 2021). This indicates that it should be more appealing to attend higher education. 

However, in the source used, there is only data available from 2008, 2010 and 2013 for Austria, and 

therefore the specific year-to-year change is unknown.  

 

In Austria, labor market policies were implemented to counter the effect of the crisis (Famira-

Mühlberger & Leoni, 2013), which could help explain the negative relationship between the 

unemployment rate and the probability of enrolling in education.  

 

Furthermore, the median income of people with both upper secondary and tertiary education 

increased during the period (see Tables 7 and 8 in Section 5.6.1). Additionally, the absolute wage gap 

between the two also increased, and thus the return to education increased over the period (see Table 

9 in Section 5.6.1). This could have a positive effect on the relationship between unemployment and 

educational enrollment, but the increase in median income of people with upper secondary education 

could have a negative effect on the relationship as opportunity costs increases. 

 

Even though many students in Austria work while studying, the share of employed people from 15-

24 working part-time does not increase significantly compared to the other countries during the crisis, 

but the main increase happens before the crisis. This makes sense if fewer people are studying during 

the crisis or the unemployment in full-time jobs is not as affected.  

 

To recap, the unemployment rate did not fluctuate a lot during the crisis. Therefore, the coefficient 

on unemployment varies in both direction and significance throughout the regressions. In most 

regressions, however, the relationship between unemployment and educational enrollment is 

negative. This could be due to decreases in GDP per capita, which are highly correlated with increases 

in unemployment. The regressions in Table 19 where GDP per capita is included support this, and 

the coefficient on unemployment turns positive. However, in general, it is difficult to interpret 

anything with certainty on the results in Austria, as the country was affected so little by the crisis.  
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Italy 

In Italy, the relationship between unemployment and enrollment in higher education is also negative. 

As Italy resembles Spain in many ways this could seem odd, but there are still some differences that 

can help explain the differing results. One reason could be that, in general, the propensity to enroll in 

Italy is lower than in Spain, indicated by the lower proportion of people with higher education. Hence, 

the effect of decreased opportunity costs from schooling might not be as pronounced in Italy but 

might even reflect an expectation of higher future unemployment, thereby lower expected returns to 

education. 

 

Italy was, just like Spain, significantly affected by the crisis. This means that both the unemployment 

rate increased and the GDP per capita decreased substantially. However, the unemployment rate 

increased less, and the GDP per capita decreased more than in Spain. Yet again, there is an indication 

that when the decrease in GDP per capita is relatively more substantial than the increase in the 

unemployment rate, the relationship between unemployment and higher education is negative. In 

Italy, the public funding of higher education decreased by 12.91% from 2008-2013 (European 

University Association, 2021).  

 

Another quite interesting thing about Italy is that the Northern and Southern parts are very different. 

For example, the unemployment rate is three times higher in the Southern part than in the Northern 

part (Usseglio, 2016). It would have been quite interesting to make these divisions in the regressions 

and see if the effects would differ. Even though some factors are country-specific, like certain national 

policies, the Southern part could perhaps be more like Spain in terms of wealth, income, and 

unemployment, to name a few. On the contrary, the Northern part could be fairly similar to the 

neighboring country Austria. Since more people live in the Northern part than the Southern part, this 

is most likely dominating in the results. As the relationship is similar to Austria, this might be part of 

the reason, but unfortunately, it cannot be investigated further in this study. Also, as the results in 

Austria are very uncertain, this is a bit of a stretch.  

 

In Italy, the wage gap between secondary and tertiary education is relatively high, and it decreased 

during the recession (see Table 9). This could also explain the negative relationship, as the return to 

education might have decreased. Furthermore, both types of wages decreased from 2010 to 2013. 

This could mean that more people cannot afford to attend higher education, as education is relatively 



83 
 

costly in Italy, a relatively small share of students are receiving grants, and people generally earn 

smaller wages compared to, for example, Denmark and Austria. Thus, this could explain the negative 

relationship between unemployment and higher education.  

 

Another factor that could help explain the negative relationship is the low share of students working 

and studying at the same time. As seen in the socioeconomic differences section, it is most uncommon 

to do so in Italy. During the recession the increase in general youth part-time employment as a share 

of the total youth employment was quite small compared to the low starting level. Thus, the indirect 

cost of studying is higher in Italy.  

 

To recap, the relationship between unemployment and educational enrollment is negative in Italy. 

Education is relatively more costly in Italy than all other countries except for Hungary, educational 

budgets were cut, and median incomes decreased. This could indicate that fewer people could afford 

higher education. Furthermore, even though the absolute wage gap between people with upper 

secondary and tertiary education is quite high, it decreased during the crisis and thereby decreased 

return to education.  

 

This ends the section with interpretations of the main results. 

 

6.3.2. Interpretations of additional regressions 

This section presents interpretations of the results from regressions with additional types of 

unemployment rates and other regressions. Various comparisons are made to the interpretations of 

the main results. 

 

Additional Types of Unemployment Rate 

Lagged unemployment rate 

Looking at the other considered model specifications, lagged unemployment shows mostly 

insignificant results in Austria and Hungary. As for the three remaining countries, it looks like the 

effect of unemployment rate changes becomes more positive when the unemployment is lagged one 

year. It makes sense that educational decisions are not made overnight and especially not followed 

through overnight. There must be a bit of delay from discovering a change in the unemployment rate, 

applying for education, and attending it. Also, it could be argued that the feeling of “bad economic 
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times” must come from a higher unemployment rate during some more extended period of time and 

not from an instant jump in unemployment.  

 

In Denmark, the positive relationship between lagged unemployment and enrollment in higher 

education is consistent with Sievertsen’s (2016) study, which showed that young people in Denmark 

choose further education in both the long and short-run when unemployment rates increase. Though, 

it is hard to argue for a long-run effect when the year of enrollment is not known.  

 

It could be argued that the high positive coefficient on lagged unemployment is a result of the gap 

year tendencies in Denmark, and thus people still might consider the unemployment rate at the time 

of their graduation from upper secondary education. However, as similar results are seen in Italy and 

Spain, where gap year tendencies are not known, it is not possible to draw any conclusion with 

certainty. For the results in Austria, the insignificant size of the fluctuations in the unemployment rate 

is most likely causing the results to be more unstable compared to the results in the other countries.  

 

Youth unemployment rate 

Using youth unemployment in the model shows consistent results across all countries, except in 

Hungary, where the coefficient is negative and insignificant. However, the coefficients are closer to 

zero in all countries. As discussed in Section 5.4.1, the general levels of unemployment are much 

higher in the younger part of the population than in the general population. Intuitively, this makes 

sense because, for example, an increase in one percentage point from 5% to 6% is an increase by 

20%, whereas a one percentage point increase from 10% to 11% is an increase by 10%. Thus, a 

specific percentage point increase in the general unemployment rate is perceived as relatively larger 

than a similar increase in youth unemployment.  

 

Unemployment rate by educational level 

Now, considering the unemployment rates by educational level. Sievertsen (2016) includes 

enrollment in all different kinds of post-secondary education. He finds a positive effect of unskilled 

unemployment rates but a negative effect of skilled unemployment rates since higher skilled 

unemployment rates imply a lower return to education.  
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Following the same line of thought with unemployment rates defined as closely as possible, the 

unemployment rates of people whose highest attained education is upper secondary or tertiary 

education were implemented in the regressions in Table 17. For all significant results, the effects of 

the upper secondary and tertiary unemployment rates are opposite. Thus, if the effect of one is 

positive, the effect of the other is negative. 

 

In Denmark and Hungary, the effect of an increase in the upper secondary unemployment rate is 

positive, and the effect of an increase in the tertiary unemployment rate is negative. This follows 

Sievertsen’s (2016) line of reasoning and implies that the relative return to education increases since 

future unemployment prospects are lower after attending higher education. In Austria and Spain, the 

effects are opposite. Intuitively this does not make much sense, as this indicates that people are more 

likely to enroll when the unemployment rate for people with tertiary education increases, and thus 

the return to education is lower. However, in this study, individuals already enrolled in higher 

education are also included, as it is not possible to distinguish further. For these individuals, it would 

make sense to prolong the duration of their already started education when the tertiary unemployment 

rate increases to delay their entrance to the job market. In Italy, the effect of both types of 

unemployment is negative, but the coefficient is only significant for the upper secondary 

unemployment rate. Thus, the effect in Italy is most likely similar to the one in Austria and Spain, 

but it is too uncertain to draw any definitive conclusions.  

 

Other regressions 

GDP per capita 

When reading the interpretations on the general unemployment rate, it seems obvious to include GDP 

per capita in the regressions. When considering the relationship between unemployment and GDP as 

described in that section, both GDP and unemployment should positively affect the probability of 

enrolling in higher education. As these two typically move in opposite directions (Okun’s law), this 

entails contradicting effects of recessions on the probability of enrolling in higher education. This 

aligns with the arguments made by Ayllón and Nollenberger (2020). In the regression results depicted 

in Table 19 Panel A, it is shown that this is the case in the majority of the countries. In Austria, 

Denmark and Spain, the coefficients on unemployment and GDP per capita are both positive. In Italy, 

they are both negative, and in Hungary, the coefficient on unemployment is positive, and the 

coefficient on GDP per capita is insignificant and negative.  
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Interestingly, the effect of unemployment turns positive with the introduction of GDP per capita in 

the regressions in Austria, whereas the effect is different in Italy. It is especially considering that 

some of the effects that intuitively should have the highest correlation with a decrease in GDP like 

educational budget cuts and decrease in wages were opposite the excepted in Austria and as expected 

in Italy. However, looking into the development of unemployment and GDP per capita in Italy, it is 

seen that in the years 2009-2011, both unemployment and GDP per capita increased simultaneously 

(see Figures 7 in Section 5.4 and 10b in Section 5.5). In this period, the proportion of people enrolled 

in higher education decreased the most (see Figure 14a, Section 6.1.1). In the same period, median 

wages also decreased (see Table 7 and 8, Section 5.6.1). Thus, it could be argued that the economic 

effect of people losing their jobs, making people unable to afford education, is the one dominating in 

Italy. Thus, in the years where GDP per capita and unemployment are increasing in Italy, the overall 

effect on the private economy is still negative. Therefore, it is an economic effect dominating, but it 

is not directly following the fluctuations in the GDP per capita during the crisis.  

 

Seasonality 

As shown in Figure 14b in Section 6.1.1, there is much seasonality in the number of people enrolled 

in higher education. Thus, regressions are done with quarterly effects included to see if it makes a 

difference for the results (see Table 19 Panel B). The first thing that stands out is that the 

unemployment rate is now insignificant in Austria. The unemployment rate did not fluctuate much in 

Austria during the examined period, as discussed previously. Therefore the effect of the 

unemployment rate is more difficult to examine in Austria, and it is more often insignificant. As for 

the quarters, it is seen that the coefficients are negative in quarters 2 and 3 and positive in quarter 4 

in general. Thus, the probability of being enrolled is highest in quarter 4, second-highest in quarter 1, 

and lowest in quarters 2 and 3. Intuitively, it may seem odd that the enrollment rate is not highest in 

quarter 3 since most people enroll in higher education in September. However, in the LFS data, people 

are counted as enrolled in education if they have been studying during the last four weeks (Eurostat, 

2020b). This means that people enrolling in September might first be counted as enrolled in October, 

which is quarter 4. If a student is to enroll for the spring semester instead of the fall semester, they 

enroll in February. Here the same problem does not arise, as March is still quarter 1. Thus, it makes 

perfect sense that quarters 4 and 1 are the quarters with first and second most students enrolled in 

education, as it is always possible to drop out. Even so, for most higher education, it is only possible 

to enroll twice a year.  



87 
 

In Table 19 Panel C, regressions are shown where both GDP per capita and quarterly effects are 

included. Here the coefficients on the unemployment rate are similar to the other regressions 

including GDP, except that the coefficient in Hungary is insignificant. As for the coefficient on GDP 

per capita, the changes are that the coefficient in Hungary is now positive, and the coefficient in Spain 

is now negative. The effect of GDP per capita is also significant across all countries in these 

regressions. The coefficients on quarters and GDP change a lot both in significance and direction, 

whereas the coefficients on unemployment are more consistent with panel A. Thus, GDP is much 

more correlated with the quarterly effects than the unemployment rate is.  

 

 

Absolute Wage Gap Between Secondary and Tertiary Education 

Another variable that comes to mind when reading the interpretations on the general unemployment 

rate is the wage gap between people with secondary and tertiary education. This is included in the 

regressions seen in Table 21. It is important to mention that, as this variable is only available on a 

yearly basis, these regressions are done with the yearly data. Table 21 shows that in Austria and 

Denmark, the coefficients on unemployment are insignificant, and the coefficients on the wage gap 

are significant and positive. As for Hungary, Italy and Spain, the coefficients on unemployment have 

not changed considerably, and for the wage gap, the effect is negative in Italy and insignificant in 

Hungary and Spain.  

 

In the two wealthiest countries, where education is free, the probability of enrolling in higher 

education increases when the wage gap increases. The wage gap can be argued to be an indicator for 

the return to higher education, though it is far from a perfect one. When this is considered, the 

decrease in opportunity cost arising from an increase in unemployment becomes less relevant. Thus, 

the return to education seems to matter the most in these countries. In comparison, in the less wealthy 

countries where education is not free, an increase in the wage gap only has a significant effect in Italy, 

where the effect is negative. An increase in the wage gap in Italy arises from decreases and not 

increases in median incomes (see Table 7, 8, and 9 in Section 5.6.1). This supports what was 

previously discussed about people in Italy not being able to afford higher education during the 

recession. In Spain and Hungary, median incomes also decrease throughout the recession. Here, the 

effect is most likely insignificant because, on the one hand, an increase in the wage gap means a 
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higher incentive to enroll. On the other hand, some people cannot afford education anymore, as wages 

decrease. 

 

Ideally, the income of the household, the individual, and the individual’s parents should be included. 

That way, these income measures would be linked directly to the individual in question and thus be 

much more precise than these general country-level trends.  

 

Male vs. Female  

In many earlier studies, it has been shown that men are more affected by changes in the 

unemployment rate when making educational decisions compared to women (e.g., Ayllón & 

Nollenberger (2020) or Johnson (2013)). This is also found in this thesis, where the effect is more 

positive for men than it is for women. Since women are more likely to participate in higher education 

than men, women might make their educational decisions more independently of the economic 

environment. Additionally, since women typically face worse labor market conditions than men, they 

might be less affected by the crisis (Ayllón & Nollenberger, 2020). 

 

Other factors 

Gender 

In general, being female increases one’s probability of being enrolled in higher education across all 

countries. This is consistent with the results found in the literature (e.g., Ayllón & Nollenberger 

(2020) or Petrongolo & San Segundo (2002)). It is commonly known that women outnumber men in 

higher education, which is valid for most parts of the world (Bilton, 2018). The reasoning is more 

intricate and consists of a complex interplay of social, cultural, and economic factors. Some reasons 

could be, that the gender pay gap is lower in higher education graduates, which gives women a higher 

return to education (Livanos & Núñez, 2012). Also, young boys tend to be less interested in 

schoolwork than girls, and in OECD countries, girls spend more than an hour a week more on 

schoolwork than boys on average (Bilton, 2018). Another reason could be that jobs traditionally 

chosen by women like teaching and nursing demand full degrees now but did not do so earlier (Bilton, 

2018). 
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Nationality 

Nationality is, as mentioned previously, a categoric variable with three categories: i) “Own 

nationality”, which indicates having the nationality of the country of residence, ii) “European” 

indicating having a European nationality different from the country of residence, and iii) “non-

European”. Being of European nationality relative to being of native nationality increases the 

probability of enrolling in Austria and Denmark and decreases the probability of enrolling in the 

remaining countries. Being of a non-European nationality is insignificant in Denmark and negative 

in the other countries.  

 

This could indicate that Austria and especially Denmark are countries that people travel to study in, 

attracting students from other countries. Likely reasons are the financial aid during studies, low tuition 

fees, the quality of schools, or school policies. The most negative effects are seen in Italy and Spain 

– maybe due to the opposite. Noteworthy that this should be seen relative to native students. As stated 

earlier, Danish people attend higher education later compared to students from the other examined 

countries. Therefore, with the very young age group, the results in Denmark could also indicate that 

international students in Denmark are young, and therefore more present in this age group than native 

Danish students.  

 

Number of people in the household 

Lastly, the “number of people in household” variable is added to the regressions in Table 20. As this 

variable is only available on a yearly basis, yearly data is used in these regressions. The number of 

people in the respondent’s household can indicate several different things about the respondent. 

Suppose the respondent is still living at home. In that case, it can indicate the number of siblings still 

living at home, whether the respondent’s parents are living together or whether the household consists 

of multiple generations. It can also be an indicator of age since living at home is assumed to be more 

likely the younger the respondent is. If the respondent is not living at home, having many people in 

the household could also be interpreted as roommates. Thus, the only certain interpretation is that if 

the household consists of only one person, the respondent lives alone.  

  

In Hungary and Italy, the probability of being enrolled in higher education is highest when living 

alone. This could be related to the respondent’s age, but it could also indicate wealth, income, 

financial aid either from study grants or parents, and the cost of living in the specific area. Finally, it 
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could indicate the distance between parents’ home and the educational institution. However, as seen 

in the descriptive statistics section, a tiny fraction of the respondents in Hungary and Italy live alone. 

Thus, these interpretations are uncertain.  

 

In Austria and Spain, the probability of being enrolled in higher education is increasing in the number 

of people in the household, up until a household size of three and four respectively. The effects are 

more pronounced in Spain. As discussed in Section 5.7, people generally live at home much longer 

in Spain than in Austria. This cultural characteristic of Spain could explain this. In Italy, it is even 

more common to live with parents at a high age. Looking at Hungary and Italy again, the coefficient 

is least negative at a household size of four people. Thus, people living in a household consisting of 

four people are second most likely to enroll in higher education. It is an interesting observation, as 

the most common household constellation across all the countries are households consisting of four 

people. 

This variable is too speculative to draw any conclusions from. For the variable to be valuable for this 

study, it would have to be possible to distinguish between household constellations, like the ones 

discussed above. Additionally, age, household income, and distance from the place of study would 

be preferable too.  

 

6.3.3. Sectional conclusion 

In Denmark, Hungary and Spain, increases in the unemployment rate positively affect the probability 

of enrolling in higher education. On the contrary, increases in the unemployment rate have a negative 

effect on the probability of enrolling in higher education in Austria and Italy.  

 

In Denmark, it is argued that the large positive effect is mainly caused by the decrease in opportunity 

cost and increasing public funding of tertiary education, free education, high and increasing median 

income and return to education and possibility to work while studying. In Hungary, the effect is 

primarily driven by a decrease in opportunity cost and a high and increasing return to education. 

However, large decreases in public funding, high cost of schooling, and low median income have the 

opposite effect. With these contradicting effects, it makes sense that the positive relationship is 

smaller in Hungary than in Denmark, and also that the significance of the coefficient on 

unemployment in Hungary varies across regressions. In Spain, the positive effect is driven mainly by 

a large decrease in opportunity costs, as unemployment rates increased drastically. However, 
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educational budget cuts and decreasing income have the opposite effect. Thus, it makes sense that the 

coefficient is relatively small in Spain. Furthermore, it could be argued that the real effect of the 

unemployment rate increases is positive, and the reason there are negative effects in some countries 

is because unemployment does not increase enough to showcase this. Therefore, other factors 

overshadow the positive effect. In Austria, the coefficient on unemployment varies in both direction 

and significance throughout the regressions. In most regressions, however, the relationship between 

unemployment and educational enrollment is negative. This could be due to decreases in GDP per 

capita, which are highly correlated with increases in unemployment. The regressions in Table 19 

where GDP per capita is included support this, and the coefficient on unemployment turns positive. 

Nevertheless, it is difficult to interpret anything with certainty on the results in Austria, as the country 

was affected so little by the crisis. In Italy, it is argued that the negative effect is driven by costly 

education, educational budget cuts, and income decreases, which means that fewer people can afford 

higher education. 

 

Looking at different types of unemployment rates, as for lagged unemployment, in Denmark, Spain, 

and Italy, the one-year lagged unemployment rates have the most positive effect on enrollment 

probability, which could indicate that a feeling of “bad economic times” arises from higher 

unemployment rate during some more extended period of time and not from an instant jump in 

unemployment. As for youth unemployment, the coefficients are closer to zero but consistent in terms 

of direction. It is argued that this is due to youth unemployment rates simply being higher than general 

unemployment rates. For unemployment rates by educational levels, in Denmark and Hungary, the 

effect of an increase in the upper secondary unemployment rate is positive, and the effect of an 

increase in the tertiary unemployment rate is negative. In Austria and Spain, it is the other way around. 

It is argued that the effects in Denmark and Hungary are dominated by people choosing to enroll due 

to lower future unemployment prospects. In contrast, the effect in Austria and Spain is dominated by 

people already enrolled in higher education, who delay their entrance to the job market.  

 

When including GDP per capita in the regressions, the coefficients on unemployment and GDP are 

positive in Austria, Denmark, and Spain. This supports the argument that the coefficient on 

unemployment in Austria was negative because it correlated with a downturn in economic factors. In 

Italy, the coefficient on both unemployment and GDP is negative. This is due to the effects of the 

crisis on the private economy being negative but not directly related to GDP per capita. When 



92 
 

including seasonality, it is seen that the enrollment probability is highest in quarter 4 and quarter 1, 

which, when considering the structure of the LFS questionnaire, is aligned with people enrolling 

around September and February. When including the absolute wage gap between people who have 

attained upper secondary and tertiary education, it is seen that the effect is positive in Denmark and 

Austria, which are also the wealthiest countries with free education. Thus, it is argued that the return 

to education is the only real effect of changes in the wage gap in these two countries. For the other, 

less wealthy countries without free education, the effect is more ambiguous as the effect is also 

somewhat driven by decreases in median incomes. Therefore, some people might not be able to afford 

higher education. In Italy, the effect is negative, which is in line with the argumentation that some 

people could not afford higher education during the recession. 

 

Lastly, it is seen that being female increases the probability of enrolling across all countries. Being 

of native nationality is related with the highest probability in Hungary, Italy and Spain, whereas in 

Austria and Denmark, being of European nationality is related with the highest probability. It is 

argued that this is due to the low cost of education in Austria and Denmark and the relatively high 

starting age in Denmark. As for the number of people in the household, it is not possible to draw any 

specific conclusions as the variable is not specified enough.  

 

6.4. Robustness check 
Robustness checks are about testing the assumptions made in the analysis. These are tested by 

changing the variables and model to see if the results change. In the regressions shown in Section 6.2, 

multiple similar regressions are made with unique tweaks to the variables. For example, multiple 

types of unemployment are used, and different other variables are added.  

 

Except for the regressions including GDP per capita and wage gap based on educational level (see 

Table 19 and 21), the coefficients of the unemployment rate in Denmark, Spain, and Italy are 

reasonably robust. In Austria and Hungary, the results are not as robust. See, for example, the results 

from lagged and youth unemployment rates and seasonality in Table 16, 17, and 19 Panel B. In 

Austria, this is argued to be due to low variation in the unemployment rates, while in Hungary, neither 

lagged nor youth unemployment rates are likely the ones considered when deciding to enroll. 
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6.4.1. Robustness and Omitted Variable Bias 

Regarding the regressions including GDP per capita and wage gap based on educational level, it is 

interesting that these change the coefficient on unemployment in Austria, and Austria and Denmark, 

respectively. This could be interpreted as, at least for these two countries, there is omitted variable 

bias in the main regressions in Table 15, and in general in all regressions excluding these. Omitted 

variable bias is a problem where the included variables are related to the error term. Here the 

coefficient on the variable in question is biased either up or down. With GDP per capita, there is an 

argument for this in Austria, as the coefficient on unemployment turns positive, consistent with the 

theory and previous studies. As for the absolute income gap between having attained an upper 

secondary or tertiary education, all coefficients on unemployment change, and in Austria and 

Denmark, they turn insignificant. This could mean that the income gap was previously omitted.  

 

However, it comes as no surprise that there are plenty of factors that change during a recession and 

that those factors correlate with each other. Thus, the unemployment rate could probably be replaced 

by a combination of different macro-economic factors that always change together with 

unemployment. This means that on the one hand, it is not possible to examine the effect of changes 

in unemployment rates in a vacuum, as such changes do not happen alone. The coefficient on 

unemployment is never truly “all else equal”, as such economic times have never happened. On the 

other hand, it could be argued that just because the unemployment coefficient changes when such 

factors are included, it does not necessarily mean that it is related to the error term when these factors 

are not included - more on this in the discussion section.  

 

6.4.2. Additional Regressions with Yearly Data 

Below, some regressions similar to those previously done with the quarterly data are done with the 

yearly data instead. This is done to check the robustness of the results found with the quarterly data.  

 

First, regressions were done with youth unemployment rates and unemployment rates split into 

educational levels. The results are shown in Appendix 12. The effect of youth unemployment rates 

in Austria is significant and very negative. In the other countries, the effect of youth unemployment 

rates seems to be less severe than when using the general unemployment rate, but generally in the 

same direction as the quarterly data. It was expected that the effect of the two different measures of 
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the unemployment rate would yield very similar results, as they have a high correlation in all countries 

(in the yearly data, the correlation is >0.9 in all countries).  

 

When looking at the yearly unemployment rates of people with upper secondary education and those 

with tertiary education, the effects differ considerably from the quarterly results. The more negative 

coefficient on the unemployment rate in Italy and Spain for tertiary education is supported by the 

argument by Sievertsen (2016) that higher skilled unemployment rates lead to lower returns to 

education, but this does not seem to be the case in Austria, Denmark and Italy. The differences are 

likely due to confounding effects because of the high correlation and the fact that rates only vary over 

the years. 

 

Next, regressions using lagged unemployment rates were done. The results from regressions using 

unemployment rates lagged by 1, 2 and 3 years can be seen in the respective panels in Appendix 13. 

The effect of the unemployment rate in Denmark and Spain is robust to lagging the rate, but in 

Austria, Hungary and Italy, the rates differ slightly from the quarterly results. The effect of lagged 

unemployment rates becomes more positive for all countries except Hungary, where it becomes more 

negative the more lagged it is.  

 

In Appendix 14, regressions with GDP per capita on a yearly basis are shown. The effect of 

unemployment rates in Austria is highly positive and mildly significant, while Denmark and Hungary 

become less significant, but still positive, and Italy and Spain stay negative and positive, respectively. 

The effect of GDP per capita is like in the quarterly results, except the effect is positive and significant 

in Hungary. 

 

In Appendix 15, the regressions are done on the yearly data containing females and males separately. 

Across all countries, except Spain, the effect of the unemployment rate is generally more positive for 

males, which is consistent with quarterly results.  

 

6.4.3. Sectional conclusion 

Generally, the results in Denmark, Italy, and Spain are relatively robust to most changes. The 

inclusion of the absolute wage gap and GDP per capita has the most considerable impact on the effect 

of unemployment rates, implying there might be omitted variable bias. This is discussed more in the 
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following sections. The results found with different unemployment measures in the quarterly data are 

checked against the same specifications with the yearly data. The results are mostly similar, but there 

is a notable difference with unemployment rates by educational levels, argued to be due to 

confounding effects.  

 

6.5. Critique 
Critique of this thesis is on the legitimacy of the results and interpretations of them. First, the 

methodology is considered, and next, the interpretations of the results.  

 

6.5.1. Methodology 

All main points of critique regarding the method used have been discussed in the methodology 

section, but they are recapped briefly here. Four different choices are part of what is called the 

“decision to enroll” in this thesis, but it is not possible to distinguish between them. Ideally, the data 

would allow identifying the exact month a person decides to enroll in higher education and when they 

finished upper secondary education. Then this should be combined with the unemployment rate in 

the month of deciding or the month before, as this is most likely the one taken into account when the 

decision is made. Thus, the analysis could focus on only one type of decision, and the examined 

individuals would be more comparable. The scientific use files for the LFS data include what year a 

person finished upper secondary education, which would provide a good improvement to the 

identification, but it would still not be perfect. The use of the exact month a person has to decide 

whether to enroll can only be done with very detailed data such as the administrative data used by 

Sievertsen (2016).  

 

If the region of residence were available, it would be possible to have regional variation in the 

unemployment rate to get the effect of local labor markets. For example, in a previous study by 

Sievertsen (2016), labor market tendencies in specific commuting zones were used to determine the 

exact unemployment rate the individual faced. Furthermore, as the Northern and Southern parts of 

Italy have very different socioeconomic characteristics, it would be especially interesting to include 

regions of residence in Italy’s regressions. Lastly, adding region of residence would make it possible 

to control for heteroskedasticity in regional clusters to a higher degree, which would improve 

inference from the results.  
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As discussed previously, several variables are relevant according to the theory and previous literature, 

but they cannot be included because they are unavailable for non-researchers. These include more 

specific age groups, parents’ characteristics, the distinction between full-time and part-time studies, 

and other family characteristics. 

 

6.5.2. Interpretations of Results 

Another point of critique of this thesis is on the legitimacy of the interpretations of results. 

Socioeconomic differences are a substantial part of the interpretations. However, these are not tested 

within the primary research design of this thesis, namely the logit regression model. Instead, the 

arguments for connecting the different estimates in the separate countries with the socioeconomic 

differences are based on an inductive approach. This does not necessarily mean that it is impossible 

to establish causal relationships based on these grounds, but it does mean that these are not as 

legitimate. Thus, the interpretations drawn from the socioeconomic differences could be viewed as 

hypotheses that arise from this study which should be tested in future work. The validity of the 

interpretations is discussed further in Section 7. 

 

6.6. Sectional conclusion 
The baseline probability of enrolling differs across the analyzed countries because of differences in 

the educational systems. Both the unemployment rates and proportions of people enrolled in higher 

education vary across quarters and countries, though Austria shows little variation in both. When 

performing the logistic regressions, a positive relationship between the unemployment rate and the 

decision to enroll in higher education is seen in Denmark, Hungary and Spain. In contrast, a negative 

relationship is found in Austria and Italy. Being female increases the probability of enrolling, and the 

nationality of an individual has varying effects across the countries. Though, the educational 

decisions of males are more positively affected by unemployment rates. Various other 

implementations of the unemployment rates show that results are relatively robust in Denmark, Italy 

and Spain. Including GDP per capita or absolute wage gaps in the regressions greatly impacts the 

effects of the unemployment rate, especially in Austria.  

 

It is argued that for Denmark, the positive effects of decreased opportunity costs when unemployment 

increases dominate, as negative effects related to the socioeconomic differences are believed to be 

minimal. In Hungary, the positive effect observed is primarily driven by a decrease in opportunity 
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cost and high returns to education. However, decreases in public funding and low income have the 

opposite effect, making the positive effect relatively small. In Spain, the large increase in 

unemployment rates positively affects the probability of enrollment due to decreased opportunity 

costs, which overshadow the negative effects. In Austria, the coefficient on unemployment depends 

on the model’s specification, which is most likely due to low variation in unemployment rates, 

making it hard to conclude anything with certainty. In Italy, the effect of unemployment rates is 

argued to reflect that people cannot afford education in bad labor market conditions and that instead 

of a decrease in opportunity cost, increases in the unemployment rate might proxy future 

unemployment prospects. 

 

Lagging unemployment rates in Denmark, Spain, and Italy indicate that labor market conditions are 

considered for a more extended period when deciding to enroll, not just from contemporaneous jumps 

in unemployment rates. When using youth unemployment rates, the coefficients are all closer to zero. 

Examining unemployment rates by educational level shows that the unskilled unemployment rates 

might be a driving factor for the opportunity costs in Denmark and Hungary, while skilled 

unemployment rates proxy future unemployment prospects. To account for various economic factors 

that might affect the decision to enroll, GDP per capita is included in the regression. This especially 

has an effect in Austria, where both GDP per capita and unemployment rates now have a positive 

effect on the educational decision, maybe representing the effect of a relatively fast recovery leading 

to higher income and flexibility in educational decisions. 

 

Even though the effect of unemployment rates is relatively robust, the changes observed when 

including GDP per capita and absolute wage gaps raise some concerns on omitted variable bias. This 

is further described in the methodology section, and the validity of results is discussed in Section 7. 

Apart from potentially introducing bias into the regressions, variables related to the individual 

decision of enrolling in higher education would be preferable, for example, when they finished upper 

secondary education. This could make the decision that people across countries face more 

homogeneous. Additionally, regional variables would allow the implementation of regional variation 

in the unemployment rates and make it possible to adjust standard errors. Another point of critique is 

how the connection between socioeconomic differences and the regression results are made, as the 

connection is based on an inductive approach.  
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7. Discussion 
In this section, the legitimacy of some of the basic assumptions of this thesis is discussed. It is 

discussed whether interpretations of the effect of unemployment rates are valid and then if the 

comparisons across the countries are legitimate.  

 

The way the data has been used in this thesis, the main assumptions are that the unemployment rate 

proxies labor market conditions in one quarter and affects whether a person is enrolled in the same 

quarter. This should hold across all countries for the interpretations to be valid. Still, as explained, 

when a person is observed as being enrolled, it is likely a mix of different individual decisions. Hence, 

the effect of unemployment rates should be understood as affecting any of the mentioned decisions.  

 

However, as mentioned in Section 6.4.1, changes in the unemployment rate can never be examined 

as “all else equal”. When the unemployment rate changes, so do many other macroeconomic factors.  

 

On the one hand, it is legitimate to include unemployment as the sole independent variable. On the 

other hand, as previously described, the negative effects in Italy and Austria could be caused by 

outside factors resulting from a financial recession. Namely, in Austria, the change in economic 

factors captured by the GDP per capita. In Italy, it is most likely a factor related to people not being 

able to afford education. Thus, in Italy, the negative effect is believed to be caused by income. 

Therefore, it could be argued that factors such as GDP per capita or median income should be 

included in all regressions. However, there would be problems with this solution. Especially GDP is 

seen as a catch-all variable for economic repercussions related to a financial recession. To that end, 

unemployment is a better variable as it proxies labor market conditions more directly, but this proxy 

is not perfectly free from bias either. 

 

The effect of changes in the unemployment rate can, according to theory and previous literature, on 

the one hand, decrease opportunity cost and, on the other hand, increase future unemployment 

prospects. Also, increases in unemployment must intuitively decrease the income of the newly 

unemployed people. Thus, unemployment will be correlated with income. Therefore, it makes sense 

that the effect of unemployment on the probability of enrolling in higher education can be negative, 

as is seen in Austria and Italy.  
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To sum up, the effect of the unemployment rate cannot be examined free of any other variables, as 

when unemployment increases, many macroeconomic factors change simultaneously. However, 

including other factors could potentially cause more harm than good. They might be correlated with 

the unemployment rate without the unemployment rate being correlated with the error term, and 

therefore not be omitted variables. Table 22 shows the correlations between the unemployment rate 

and absolute wage gap and GDP per capita, respectively. The correlation between these factors might 

present some confounding effects, as GDP per capita includes income and budget cuts and various 

factors that can be related to unemployment but do not necessarily affect the decision to obtain 

education (from a theoretical point of view). 

 

Thus, it is argued that the most valid study is to only include the unemployment rate, as a proxy for 

labor market conditions, and other personal characteristics. Including variables such as the absolute 

wage gap and GDP per capita can help pinpoint which exact effects dominate in the different 

countries, but they are not as reasonable proxies.  

 

Table 22. Correlations between unemployment and various measures, 2004-2013 
  Austria Denmark Hungary Italy Spain 
Absolute wage gap (yearly data) -0.4101 0.8438 0.4778 -0.4518 0.8162 
GDP per capita (quarterly data) -0.512 0.3569 0.0663 -0.0277 -0.0288 

Note: Absolute wage gap is the gap in euro between median wages of those with upper secondary education and those 

with tertiary education. 

 

Next, the legitimacy of the comparisons across the countries is considered. As mentioned in Section 

6.5.2, socioeconomic differences between the countries are a substantial part of the interpretations. 

Here it is explained that the causational relationships based on the socioeconomic characteristics of 

the individual countries are not examined within the primary research design of this thesis, and 

therefore could be considered hypotheses arising from this study to be examined in future research.  

 

The socioeconomic characteristics that are focused on are chosen based on which were believed to 

function as important proxy factors according to Becker’s (1993) Human Capital Theory. 

Furthermore, factors that intuitively could affect the probability of enrolling in higher education are 

included. Taking these into consideration, individuals across the countries are compared. When 

comparing individuals across countries, they should ideally be identical with the exception of these 

socioeconomic differences that they are subject to. However, this is not necessarily the case, as other 
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less critical observable factors and unobservable cultural factors are most likely also responsible for 

some of the differences between the countries. It is argued that most factors that could influence the 

relationship between unemployment and higher education are observable and included in the 

interpretations. Thus, it is argued that the assumption that the countries can be compared is valid, 

although it is not without challenges.  

 

An issue in the comparability of the countries could arise from the deadlines for students applying 

for enrollment, as these are different across the countries. When considering the most common 

deadlines for students applying for enrollment in the fall semester (in Austria, it is the winter 

semester), the month of the deadlines is given in Table 23. The deadlines vary a lot across the different 

countries, and in all countries except Denmark, the deadline varies by institution. In some countries, 

the deadline is different for students from abroad, though that is a minority. It is assumed that 

registration of whether a person is enrolled in higher education is done in September for the fall 

semester (and in November in Austria). Generally, only Denmark and Spain have a set central 

deadline, but in Spain, it also varies by institution, as there might be additional requirements. 

Assuming people take the final decision just before the deadline and that the decision is influenced 

by the unemployment rate just before the decision, some points are worth noting. First, the decision 

for people in Denmark is likely to be in the same quarter as when they are registered. Second, in 

Austria, Hungary, Italy, and Spain, the decision is taken in either the same quarter, the quarter before, 

or two quarters before being registered as enrolled. 

 

Table 23. Common deadlines in the separate countries for studies commencing in the fall semester 

  Austria Denmark Hungary Italy Spain 
Deadline October* July February* July* July 

Note: *To our knowledge, no central application system can be found for these countries, and instead, the deadlines vary 

by institution. In Spain, there is a central system, but the universities have separate requirements and deadlines. Sources: 

Oanca (2020a; b), Study.eu (2021), Uddannelses- og Forskningsministeriet (Uddannelses- og Forskningsministeriet, 

2020), UNEDasiss (2021). 

 

However, these differences in deadlines are not that big a concern due to the not-so-specified research 

design caused by the lack of data availability. If a study more similar to Sievertsen’s (2016) were 

performed, this would be much more of an issue.  
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7.1.1. Future research 

In future research, the hypotheses arising from the interpretations including the socioeconomic 

differences should be further examined. For most countries, one hypothesis is that the ability to work 

while studying has a positive effect on the probability of enrolling during a recession. Also, as the 

GDP per capita is somewhat a catch-all variable, the relationship between the unemployment rate and 

more specified consequences of changes in GDP should be examined across all countries. Especially 

in Austria, the inclusion of GDP changes the effect of the unemployment rate drastically.  

 

Income was linked to explanations of the results in most of the countries. Thus it would most likely 

increase the quality of this study if the individual or household income were available. In general, as 

discussed throughout the thesis, many personal background variables have a significant impact on 

educational decisions. Therefore, these could be included in a study otherwise identical to see if and 

how much the exclusion of these has affected the results. In the section on socioeconomic differences, 

some different aspects of the countries’ educational systems were presented. There are significant 

differences in, for example, how Austria’s upper secondary education works, as many educations 

within health and nursing are considered as upper secondary level, but in other countries, these are 

considered higher education. In contrast, in Spain, where upper secondary education entails mostly 

general high-school education, many students who pursue a vocational career go directly into the job 

market after compulsory education. To have people with as homogenous a background as possible 

across countries, apart from controlling for some of the omitted variables as explained above, further 

having specific fields of education could help obtain better comparability of estimates.  

 

Sievertsen (2016) is one of few, to our knowledge, who examines the effect of labor market conditions 

on the decision to enroll in post-secondary education, where heterogeneity with respect to parents’ 

education is analyzed. He finds that the decision to enroll is affected more by the unemployment rate 

for people whose parents have lower educations compared to people whose parents have higher 

education. The importance of parents’ background in culturally different countries might differ 

greatly, and so could be the subject of interesting analysis. 
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8. Conclusion 
In this thesis, how changes in unemployment rates affect the decision to enroll in higher education in 

socioeconomically different countries in Europe is examined for the period 2004-2013. The countries 

Austria, Denmark, Hungary, Italy and Spain are analyzed. Becker’s (1993) Human Capital Theory is 

used as the main reference for factors to be included in the analysis, and afterward, these are compared 

to variables used in various studies. With the Labour Force Survey public use files and data from 

Eurostat, logistic regressions are used as the primary method for the analysis. The main regressions 

show that the relationship between the unemployment rate and the probability of enrolling in higher 

education is positive in Denmark, Hungary and Spain, and negative in Austria and Italy. The results 

are compared to socioeconomic characteristics in the separate countries from which interpretations 

are made. The characteristics which best explain the differences in the effects across countries are the 

cost of education, median income, return to education, and the possibility to work part-time while 

studying.  

 

In Denmark, the positive effect of decreased opportunity cost dominated any negative effects, as most 

economic consequences which would affect enrollment negatively were negligible in Denmark. In 

Hungary, the positive effect is driven by decreased opportunity cost and a high return to education 

despite decreases in public funding of education and low median income. In Spain, drastic increases 

in the unemployment rate positively affect educational enrollment, which dominates the negative 

effects of decreases in median income and public funding of education. In Austria, unemployment 

rates did not vary significantly during the examined period, and thus it is difficult to conclude 

anything with certainty. In most regressions, the coefficient is negative, but it turns highly positive 

when including GDP. In Italy, the negative effect is argued to reflect lower income during the crisis, 

meaning that people cannot afford education as the cost of schooling is relatively high.  

 

These interpretations are not without problems, such as the results possibly being subject to omitted 

variables bias. Assuming that omitted variables are not correlated to unemployment rates to a higher 

degree, the bias is likely minor, and interpretation regarding the direction of the coefficients are valid. 

Ideally, more specific variables regarding the timing and stage of education should be available to 

isolate specific educational decisions, to make decisions as homogenous as possible across countries. 

This would both increase the validity concerning the interpretations within and between countries.  
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10. Appendix 

Appendix 1. Countries with available data for all years in the PUFs 
  LFS SILC* 
Belgium X  
Bulgaria X  
Denmark X X 
Estonia X X 
Ireland X  
Greece X  
Spain X X 
France X  
Italy X X 
Cyprus X  
Latvia X  
Lithuania X  
Luxembourg X X 
Hungary X  
Netherlands X  
Austria X X 
Portugal X  
Romania X  
Slovakia X  
Finland  X 

Note: *There are several countries with only one year of data missing in the 2004-2013 period, but 
they are not marked here. Source: (Eurostat, n.d.-b, n.d.-a) 
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Appendix 2. SILC regression with family background variables 
 
  Dependent variable: HigherEducation 
 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5)  
unemp 55.455*** 30.292 6.360* 0.263 4.399 

 (17.20) (36.59) (3.68) (4.26) (3.10)       
Female 0.016 -0.696 0.382 -0.084 0.197 

 (0.77) (1.06) (0.26) (0.37) (0.48)       
Age -0.449* 1.017 -0.258*** -0.093 -0.035 

 (0.26) (0.67) (0.09) (0.12) (0.13)       
income_quant2nd quartile -1.622 -4.27 -0.1 -0.585 0.732 

 (1.26) (3.35) (0.37) (0.45) (0.63)       
income_quant3rd quartile -0.619 -3.973 -0.653 -1.303** -1.468 

 (1.13) (3.34) (0.43) (0.61) (1.13)       
income_quant4th quartile -0.618 -21.211 0.117 -1.550* -0.003 

 (1.16) (3,878.95) (0.41) (0.81) (0.74)       
HH_people2 -1.375 3.891 0.962 14.513 -17.135 

 (1.56) (3.29) (0.79) (1,612.73) (1,736.70)       
HH_people3 -0.242 4.188 0.034 15.164 -0.551 

 (1.36) (3.68) (0.82) (1,612.73) (1.22)       
HH_people4 -0.998 -13.308 0.38 15.97 -2.197* 

 (1.43) (5,757.18) (0.81) (1,612.73) (1.31)       
HH_people5 0.711 3.518 0.838 16.1 -0.578 

 (1.48) (18,149.72) (0.85) (1,612.73) (1.26)       
HH_people6+ -17.143 5.604 0.198 16.136 -1.163 

 (2,813.34) (13,118.50) (0.95) (1,612.73) (1.42)       
Is married -16.574 2.613 -0.892 1.335 -15.387 

 (3,390.28) (1.92) (1.06) (0.82) (2,241.82)       
Dad has higher education 1.990** 0.972 -0.315 -15.211 -0.503 

 (0.96) (1.11) (0.55) (1,263.48) (1.06)       
Constant 3.403 -27.756* 2.502 -16.363 -2.605 

 (5.52) (16.09) (2.21) (1,612.73) (3.11) 
  
Observations 482 113 644 824 781 
Log Likelihood -34.139 -16.327 -214.526 -122.851 -78.661 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 3. R script for importing and doing most of the preparation 
############# Data cleaning ############# 
#### Countries #### 
 
#First, start from scratch. It might be necessary to import some libraries 
#install.packages(c("dplyr","plyr", "data.table"))   
#setwd("..")   #Jumps one directory up if needed 
setwd("./LFS_data")          #Should set working directory to the right folder for countries, when 
Rproject is opened 
getwd() 
 
library(dplyr) 
library(plyr) 
library(data.table) 
 
rm(list = ls())     #Removes current variables in environment if any 
 
#Unzipping all files if all relevant zip-files are in the current wd.  
#Should only be done once, and then move the zip files out of the directory 
#temp = list.files(pattern="*.zip") 
#lapply(temp, unzip) 
 
#There are 250 files in total = 5 for each year (annual and quarterly) * 10 years * 5 countries 
(Finland is not available) 
 
#Reads in all csv files in current folder 
temp = list.files(pattern="*.csv") 
myfiles = lapply(temp[1:150], fread)  #Importing the first 150 csv files, as it cant do all at once 
 
# Have to prune the csv files a little before reading the last files. 
 
#Listing the variables. There might be some extra, like if they were in education the last four 
weeks, household type or nationality that could be useful to add, but for now just these 
vars <- c("COEFF","COUNTRY","REFYEAR","QUARTER","EDUCLEVL", "AGE", "SEX", 
"HHNBPERS", "NATIONAL", "HATLEV1D") 
 
myfiles = lapply(myfiles, data.frame) 
myfiles = lapply(myfiles, function(x) x[(names(x) %in% vars)]) 
 
myfiles2 = lapply(temp[151:200], fread)  #Importing the last 250 csv files, as it cant do all at once  
myfiles2 = lapply(myfiles2, data.frame) 
myfiles2 = lapply(myfiles2, function(x) x[(names(x) %in% vars)]) 
 
myfiles3 = lapply(temp[201:225], fread)  #Importing the last 250 csv files, as it cant do all at once  
myfiles3 = lapply(myfiles3, data.frame) 
myfiles3 = lapply(myfiles3, function(x) x[(names(x) %in% vars)]) 
 
myfiles4 = lapply(temp[226:250], fread)  #Importing the last 250 csv files, as it cant do all at once 
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myfiles4 = lapply(myfiles4, data.frame) 
myfiles4 = lapply(myfiles4, function(x) x[(names(x) %in% vars)]) 
 
myfiles <- c(myfiles, myfiles2, myfiles3, myfiles4) 
rm(myfiles2, myfiles3, myfiles4) 
 
#myfiles[[i]]$HigherEducation <- ifelse(is.na(myfiles[[i]]$EDUCLEVL) == TRUE, 0, 
myfiles[[i]]$EDUCLEVL) 
#Making the dependent variable from Education/PE020, indicating 1 if education is == 5, 0 if 
anything else. 
 
for (i in 1:length(myfiles)) { 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 1, 0, 
myfiles[[i]]$EDUCLEVL) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 2, 0, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 3, 0, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 4, 0, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 5, 1, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 6, 1, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 7, 1, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 8, 1, 
myfiles[[i]]$HigherEducation) 
  myfiles[[i]]$HigherEducation <- ifelse(myfiles[[i]]$EDUCLEVL == 9, 0, 
myfiles[[i]]$HigherEducation) 
} 
 
 
#Making the sex variable 0-1, instead of 1-2. 0 = male, 1 = female 
for (i in 1:length(myfiles)) { 
  myfiles[[i]]$SEX <- ifelse(myfiles[[i]]$SEX == 1, 0, 1) 
} 
 
# Hungary year 2013 needs some adjustments to the age variable. Just looping through all, and 
changing  
for (i in 1:length(myfiles)) { 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "0-14", "7", myfiles[[i]]$AGE) 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "15-24", "20", myfiles[[i]]$AGE) 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "25-39", "32", myfiles[[i]]$AGE) 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "40-54", "47", myfiles[[i]]$AGE) 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "55-74", "65", myfiles[[i]]$AGE) 
  myfiles[[i]]$AGE <- ifelse(myfiles[[i]]$AGE == "75+", "75", myfiles[[i]]$AGE) 
} 
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#Filtering, so all age gorups is included 
myfiles <- lapply(myfiles, function(x) {filter(x, AGE == "20")}) 
 
#Making the country files with only the relevant variables 
# Creates a list to have ready 
yearly_data <- list() 
quarterly_data <- list() 
 
#Splitting to get a list with all the countries' annual data, and one with quarterly data 
for (i in 1:((length(myfiles)/5))) { 
  yearly_data[[i]] <- myfiles[[(5*i)-4]] 
} 
 
 
#For number of persons 
for (i in 1:length(yearly_data)) { 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "", "NA", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "01", "1", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "02", "2", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "03", "3", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "04", "4", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "05", "5", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "6", "6+", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(yearly_data[[i]]$HHNBPERS == "99", "NA", 
yearly_data[[i]]$HHNBPERS) 
  yearly_data[[i]]$HHNBPERS <- ifelse(is.na(yearly_data[[i]]$HHNBPERS), "NA", 
yearly_data[[i]]$HHNBPERS) 
} 
 
 
# Quarterly split 
for (i in 1:((length(myfiles)/5))) { 
  quarterly_data[[(i*5)-4]] <- myfiles[[(5*i)-3]] 
  quarterly_data[[(i*5)-3]] <- myfiles[[(5*i)-2]] 
  quarterly_data[[(i*5)-2]] <- myfiles[[(5*i)-1]] 
  quarterly_data[[(i*5)-1]] <- myfiles[[(5*i)]] 
} 
 
# Removing the null elements from the quarterly data list 
quarterly_data[sapply(quarterly_data, is.null)] <- NULL 
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# Making all the files 
all_years_data <- do.call("rbind", yearly_data) 
Denmark_year <- filter(all_years_data, COUNTRY == "DK") 
Austria_year <- filter(all_years_data, COUNTRY == "AT") 
Italy_year <- filter(all_years_data, COUNTRY == "IT") 
Spain_year <- filter(all_years_data, COUNTRY == "ES") 
Hungary_year <- filter(all_years_data, COUNTRY == "HU") 
 
all_quarters_data <- do.call("rbind", quarterly_data) 
Denmark_quarter <- filter(all_quarters_data, COUNTRY == "DK") 
Austria_quarter <- filter(all_quarters_data, COUNTRY == "AT") 
Italy_quarter <- filter(all_quarters_data, COUNTRY == "IT") 
Spain_quarter <- filter(all_quarters_data, COUNTRY == "ES") 
Hungary_quarter <- filter(all_quarters_data, COUNTRY == "HU") 
 
 
 
################## ADDING UNEMPLOYMENT ################## 
#install.packages("eurostat")   #https://cran.r-project.org/web/packages/eurostat/eurostat.pdf 
library(eurostat) 
 
######## Quarterly data here ########### 
#The table used here is lfsq_urgaed from eurostat 
#Some more specific unemployment rate filters are available (men/women, educational level, 
other age groups). Find the table in eurostat for the codes 
unemp_quarter <- get_eurostat("lfsq_urgaed", filters = list(age ="Y15-74", sex = "T", isced11 = 
"TOTAL"))   #Unemployment rates of people aged above 15. 
unemp_quarter <- as.data.frame(unemp_quarter) 
 
unemp_quarter$year <- format(unemp_quarter$time, "%Y") 
unemp_quarter$quarter <- quarters(unemp_quarter$time) 
 
 
unemp_quarter$unemp <- unemp_quarter$values/100   #Making it into percentage, might not be 
necessary? 
 
 
#Making the quarterly dataframes with unemployment, one for each country and one with all 
countries 
Denmark_quarter <- merge(Denmark_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Austria_quarter <- merge(Austria_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Hungary_quarter <- merge(Hungary_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Italy_quarter <- merge(Italy_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
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"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Spain_quarter <- merge(Spain_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
 
#Young unemployment quarter 
 
unemp_young_quarter <- get_eurostat("lfsq_urgaed", filters = list(age =c("Y15-24"), sex = "T", 
isced11 = "TOTAL"))   #Unemployment rates of people aged 15-24. 
unemp_young_quarter <- as.data.frame(unemp_young_quarter) 
 
 
unemp_young_quarter$year <- format(unemp_young_quarter$time, "%Y") 
unemp_young_quarter$quarter <- quarters(unemp_young_quarter$time) 
 
unemp_young_quarter$unemp_young <- unemp_young_quarter$values/100   #Making it into 
percentage, might not be necessary? 
 
 
#Making the quarterly dataframes with unemployment, one for each country and one with all 
countries 
Denmark_quarter <- merge(Denmark_quarter, unemp_young_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Austria_quarter <- merge(Austria_quarter, unemp_young_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Hungary_quarter <- merge(Hungary_quarter, unemp_young_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Italy_quarter <- merge(Italy_quarter, unemp_young_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Spain_quarter <- merge(Spain_quarter, unemp_young_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
 
all_quarters_data <- rbind.fill(Austria_quarter, Denmark_quarter, Hungary_quarter, 
Italy_quarter, Spain_quarter) 
 
 
###### Annual data here 
 
#The dataframes that are downloaded through get_eurostat use NUTS2016 regions, but there is 
no change in the regions of the countries we use from 2013 to 2016. 
#The table we get from the eurostat database is lfst_r_lfu3rt 
 
unemp_year <- get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y_GE15", sex = "T", isced11 = 
"TOTAL"))   #Unemployment rates of people aged above 15 
unemp_year <- as.data.frame(unemp_year) 
 
 
#Just gonna work with year unemployment for now below 
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unemp_year$year <- format(unemp_year$time, "%Y") 
 
unemp_year$unemp <- unemp_year$values/100   #Making it into percentage, might not be 
necessary? 
 
 
Denmark_year <- merge(Denmark_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y 
= c("geo", "year")) 
Austria_year <- merge(Austria_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "year")) 
Hungary_year <- merge(Hungary_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "year")) 
Italy_year <- merge(Italy_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = c("geo", 
"year")) 
Spain_year <- merge(Spain_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "year")) 
 
#Young employment year# 
 
unemp_young_year <- get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y15-24", sex = "T", isced11 
= "TOTAL"))   #Unemployment rates of people aged above 15 
unemp_young_year <- as.data.frame(unemp_young_year) 
 
unemp_young_year$year <- format(unemp_young_year$time, "%Y") 
 
unemp_young_year$unemp_young <- unemp_young_year$values/100   #Making it into 
percentage, might not be necessary? 
 
#memory.limit(size = 50000) 
 
Denmark_year <- merge(Denmark_year, unemp_young_year, by.x = c("COUNTRY", 
"REFYEAR"), by.y = c("geo", "year")) 
Austria_year <- merge(Austria_year, unemp_young_year, by.x = c("COUNTRY", "REFYEAR"), 
by.y = c("geo", "year")) 
Hungary_year <- merge(Hungary_year, unemp_young_year, by.x = c("COUNTRY", "REFYEAR"), 
by.y = c("geo", "year")) 
Italy_year <- merge(Italy_year, unemp_young_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "year")) 
Spain_year <- merge(Spain_year, unemp_young_year, by.x = c("COUNTRY", "REFYEAR"), by.y 
= c("geo", "year")) 
all_years_data <- rbind.fill(Austria_year, Denmark_year, Hungary_year, Italy_year, Spain_year) 
 
prop.table(table(Denmark_year$REFYEAR,Denmark_year$HigherEducation, useNA = "ifany"), 
margin = 1) 
prop.table(table(all_years_data$REFYEAR,all_years_data$HigherEducation, useNA = "ifany"), 
margin = 1) 
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#Merging mean Income stats on yearly data 
income_year <- get_eurostat("ilc_di03", filters = list(age =c("Y16-24","Y16-64"), sex = 
c("M","F"), unit = "EUR", indic_il = "MEI_E"))   #Unemployment rates of people aged above 15 
income_year <- as.data.frame(income_year) 
income_year$year <- format(income_year$time, "%Y") 
income_year$sex <- ifelse(income_year$sex == "F", 1, 0) 
income_young <- income_year[income_year$age == "Y16-24",] 
colnames(income_young)[which(colnames(income_young) == "values")] <- "MeanIncomeYoung"  
income_all <- income_year[income_year$age == "Y16-64",] 
colnames(income_all)[which(colnames(income_all) == "values")] <- "MeanIncomeAll" 
 
 
#memory.limit(size = 50000) 
 
Denmark_year <- merge(Denmark_year, income_young, by.x = c("COUNTRY", "REFYEAR", 
"SEX"), by.y = c("geo", "year", "sex")) 
Austria_year <- merge(Austria_year, income_young, by.x = c("COUNTRY", "REFYEAR", "SEX"), 
by.y = c("geo", "year", "sex")) 
Hungary_year <- merge(Hungary_year, income_young, by.x = c("COUNTRY", "REFYEAR", 
"SEX"), by.y = c("geo", "year", "sex")) 
Italy_year <- merge(Italy_year, income_young, by.x = c("COUNTRY", "REFYEAR", "SEX"), by.y 
= c("geo", "year", "sex")) 
Spain_year <- merge(Spain_year, income_young, by.x = c("COUNTRY", "REFYEAR", "SEX"), 
by.y = c("geo", "year", "sex")) 
                     
Denmark_year <- merge(Denmark_year, income_all, by.x = c("COUNTRY", "REFYEAR", "SEX"), 
by.y = c("geo", "year", "sex")) 
Austria_year <- merge(Austria_year, income_all, by.x = c("COUNTRY", "REFYEAR", "SEX"), 
by.y = c("geo", "year", "sex")) 
Hungary_year <- merge(Hungary_year, income_all, by.x = c("COUNTRY", "REFYEAR", "SEX"), 
by.y = c("geo", "year", "sex")) 
Italy_year <- merge(Italy_year, income_all, by.x = c("COUNTRY", "REFYEAR", "SEX"), by.y = 
c("geo", "year", "sex")) 
Spain_year <- merge(Spain_year, income_all, by.x = c("COUNTRY", "REFYEAR", "SEX"), by.y = 
c("geo", "year", "sex")) 
 
Denmark_year[ ,c("unit.x", "unit.y", "age.x", "age.y", "time.x", "time.y")] <- list(NULL) 
Austria_year[ ,c("unit.x", "unit.y", "age.x", "age.y", "time.x", "time.y")] <- list(NULL) 
Hungary_year[ ,c("unit.x", "unit.y", "age.x", "age.y", "time.x", "time.y")] <- list(NULL) 
Italy_year[ ,c("unit.x", "unit.y", "age.x", "age.y", "time.x", "time.y")] <- list(NULL) 
Spain_year[ ,c("unit.x", "unit.y", "age.x", "age.y", "time.x", "time.y")] <- list(NULL) 
 
all_years_data <- rbind.fill(Austria_year, Denmark_year, Hungary_year, Italy_year, Spain_year) 
 
#Removing vars and saving environment 
rm(myfiles, quarterly_data, yearly_data, i, temp, vars, unemp_quarter, unemp_year, 
unemp_young_quarter, unemp_young_year, income_all, income_year, income_young) 
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all_quarters_data <- filter(all_quarters_data, AGE == 20) 
all_years_data <- filter(all_years_data, AGE == 20) 
Austria_quarter <- filter(Austria_quarter, AGE == 20) 
Austria_year <- filter(Austria_year, AGE == 20) 
Denmark_quarter <- filter(Denmark_quarter, AGE == 20) 
Denmark_year <- filter(Denmark_year, AGE == 20) 
Hungary_quarter <- filter(Hungary_quarter, AGE == 20) 
Hungary_year <- filter(Hungary_year, AGE == 20) 
Italy_quarter <- filter(Italy_quarter, AGE == 20) 
Italy_year <- filter(Italy_year, AGE == 20) 
Spain_quarter <- filter(Spain_quarter, AGE == 20) 
Spain_year <- filter(Spain_year, AGE == 20) 
 
save.image(file = "LFSdata24Real.RData") 
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Appendix 4. R code to run some more preparation, descriptive stats and models 
#### Countries #### 
 
#First, start from scratch 
#install.packages(c("dplyr","plyr", "data.table")) 
#setwd("..")   #Jumps one directory up if needed 
setwd("./LFS_data")          #Should set working directory to the right folder for countries, when 
Rproject is opened 
getwd() 
 
rm(list = ls()) 
 
load("LFSdata24Real.RData") 
 
######################### SOME ADDITIONAL PREP ######################### 
 
library(stargazer) 
library(AER) 
library(sandwich) 
library(dplyr) 
library(eurostat) 
library(plyr) 
 
 
# for filtering on HATLEV1D 
Austria_quarter <- filter(Austria_quarter, HATLEV1D == "M") 
Denmark_quarter <- filter(Denmark_quarter, HATLEV1D == "M") 
Hungary_quarter <- filter(Hungary_quarter, HATLEV1D == "M") 
Italy_quarter <- filter(Italy_quarter, HATLEV1D == "M") 
Spain_quarter <- filter(Spain_quarter, HATLEV1D == "M") 
 
Austria_year <- filter(Austria_year, HATLEV1D == "M") 
Denmark_year <- filter(Denmark_year, HATLEV1D == "M") 
Hungary_year <- filter(Hungary_year, HATLEV1D == "M") 
Italy_year <- filter(Italy_year, HATLEV1D == "M") 
Spain_year <- filter(Spain_year, HATLEV1D == "M") 
 
 
# Full time / part time work and studies. Fulltime = 1, parttime = 2, not applicable (not in job) = 9 
prop.table(table(all_quarters_data$FTPT, all_quarters_data$HigherEducation, useNA = 
"ifany"),margin=1) 
 
 
#Merging median income gap by educational level (upper secondary to tertiary) on yearly data.. 
income_year <- get_eurostat("ilc_di08", filters = list(age ="Y18-64", sex = "T", unit = "EUR", 
indic_il = "MED_E", isced11 = c("ED3_4", "ED5-8"))) 
income_year <- as.data.frame(income_year) 
income_year$time <- format(income_year$time, "%Y") 
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income_year1 <- split.data.frame(income_year, income_year$isced11)[[1]] 
income_year2 <- split.data.frame(income_year, income_year$isced11)[[2]] 
colnames(income_year1)[which(colnames(income_year1) == "values")] <- 
"UpperSecondaryEducationIncome"  
colnames(income_year2)[which(colnames(income_year2) == "values")] <- 
"TertiaryEducationIncome"  
 
income_year <- cbind(income_year1, income_year2) 
 
income_year$TertiaryEducationIncome <- income_year$TertiaryEducationIncome / 1000 
income_year$UpperSecondaryEducationIncome <- 
income_year$UpperSecondaryEducationIncome / 1000 
#Making absolute and relative gap between secondary and tertiary median income 
income_year$abs_income_gap <- (income_year$TertiaryEducationIncome - 
income_year$UpperSecondaryEducationIncome) 
income_year$rel_income_gap <- income_year$TertiaryEducationIncome / 
income_year$UpperSecondaryEducationIncome 
income_year[c(1:5,9:15)] <- NULL 
 
Denmark_year[,c("unit.x", "time.x", "age.x", "age.y", "time.y", "unit.y")] <- NULL 
Austria_year[,c("unit.x", "time.x", "age.x", "age.y", "time.y", "unit.y")] <- NULL 
Hungary_year[,c("unit.x", "time.x", "age.x", "age.y", "time.y", "unit.y")] <- NULL 
Italy_year[,c("unit.x", "time.x", "age.x", "age.y", "time.y", "unit.y")] <- NULL 
Spain_year[,c("unit.x", "time.x", "age.x", "age.y", "time.y", "unit.y")] <- NULL 
 
Denmark_year <- merge(Denmark_year, income_year, by.x = c("COUNTRY", "REFYEAR"), by.y 
= c("geo", "time")) 
Austria_year <- merge(Austria_year, income_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
Hungary_year <- merge(Hungary_year, income_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
Italy_year <- merge(Italy_year, income_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
Spain_year <- merge(Spain_year, income_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
 
Hungary_year <- filter(Hungary_year, AGE != "") 
Hungary_quarter <- filter(Hungary_quarter, AGE != "") 
 
all_years_data <- rbind(Denmark_year, Austria_year, Hungary_year, Italy_year, Spain_year) 
all_quarters_data <- rbind(Denmark_quarter, Austria_quarter, Hungary_quarter, Italy_quarter, 
Spain_quarter) 
 
 
#Merging unemployment rates by educational level, and lagged unemployment rates on yearly 
data. 
#unemp_year <- get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y_GE15", sex = "T", isced11 = 
c("ED3_4","ED5-8","TOTAL")))   #Unemployment rates of people aged above 15 
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#unemp_year <- as.data.frame(unemp_year) 
unemp_year1 <- as.data.frame(get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y_GE15", sex = 
"T", isced11 = "ED3_4"))) 
unemp_year2 <- as.data.frame(get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y_GE15", sex = 
"T", isced11 = "ED5-8"))) 
unemp_year3 <- as.data.frame(get_eurostat("lfst_r_lfu3rt", filters = list(age ="Y_GE15", sex = 
"T", isced11 = "TOTAL"))) 
colnames(unemp_year1)[which(colnames(unemp_year1) == "values")] <- 
"UpperSecondaryEducationRate"  
colnames(unemp_year2)[which(colnames(unemp_year2) == "values")] <- 
"TertiaryEducationRate" 
 
unemp_year <- cbind(unemp_year1, unemp_year2, unemp_year3) 
unemp_year[,c(1:4, 8:13, 15:20)] <- NULL 
 
unemp_year$time <- as.integer(format(unemp_year$time, "%Y")) 
unemp_year$UpperSecondaryEducationRate <- unemp_year$UpperSecondaryEducationRate / 100 
unemp_year$TertiaryEducationRate <- unemp_year$TertiaryEducationRate / 100 
 
unemp_year$unemp <- unemp_year$values/100   #Making it into percentage, might not be 
necessary? 
unemp_year <- unemp_year[order(unemp_year$geo, unemp_year$time),] 
 
library(rms) 
unemp_year$unemp.lag1 <- Lag(unemp_year$unemp, 1) 
unemp_year$unemp.lag2 <- Lag(unemp_year$unemp, 2) 
unemp_year$unemp.lag3 <- Lag(unemp_year$unemp, 3) 
unemp_year$unemp.lag4 <- Lag(unemp_year$unemp, 4) 
unemp_year$unemp <- NULL     
 
Denmark_year <- merge(Denmark_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y 
= c("geo", "time")) 
Austria_year <- merge(Austria_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
Hungary_year <- merge(Hungary_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
Italy_year <- merge(Italy_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = c("geo", 
"time")) 
Spain_year <- merge(Spain_year, unemp_year, by.x = c("COUNTRY", "REFYEAR"), by.y = 
c("geo", "time")) 
 
all_years_data <- rbind(Denmark_year, Austria_year, Hungary_year, Italy_year, Spain_year) 
 
 
#Merging unemployment rates by educational level, and lagged unemployment rates on quarterly 
data. 
#unemp_quarter <- get_eurostat("lfsq_urgaed", filters = list(age ="Y15-74", sex = "T", isced11 
= c("ED3_4","ED5-8","TOTAL")))   #Unemployment rates of people aged above 15. 
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#unemp_quarter <- as.data.frame(unemp_quarter) 
unemp_quarter1 <- as.data.frame(get_eurostat("lfsq_urgaed", filters = list(age ="Y15-74", sex = 
"T", isced11 = "ED3_4"))) 
unemp_quarter2 <- as.data.frame(get_eurostat("lfsq_urgaed", filters = list(age ="Y15-74", sex = 
"T", isced11 = "ED5-8"))) 
unemp_quarter3 <- as.data.frame(get_eurostat("lfsq_urgaed", filters = list(age ="Y15-74", sex = 
"T", isced11 = "TOTAL"))) 
colnames(unemp_quarter1)[which(colnames(unemp_quarter1) == "values")] <- 
"UpperSecondaryEducationRate"  
colnames(unemp_quarter2)[which(colnames(unemp_quarter2) == "values")] <- 
"TertiaryEducationRate" 
 
unemp_quarter <- cbind(unemp_quarter1, unemp_quarter2, unemp_quarter3) 
unemp_quarter[,c(1:4, 8:13, 15:20)] <- NULL 
 
 
unemp_quarter$UpperSecondaryEducationRate <- 
unemp_quarter$UpperSecondaryEducationRate / 100 
unemp_quarter$TertiaryEducationRate <- unemp_quarter$TertiaryEducationRate / 100 
 
unemp_quarter$year <- format(unemp_quarter$time, "%Y") 
unemp_quarter$quarter <- quarters(unemp_quarter$time) 
 
unemp_quarter$unemp <- unemp_quarter$values/100   #Making it into percentage, might not be 
necessary? 
 
unemp_quarter <- unemp_quarter[order(unemp_quarter$geo, unemp_quarter$time),] 
 
 
library(rms) 
unemp_quarter$unemp.lag1 <- Lag(unemp_quarter$unemp, 1) 
unemp_quarter$unemp.lag2 <- Lag(unemp_quarter$unemp, 2) 
unemp_quarter$unemp.lag4 <- Lag(unemp_quarter$unemp, 4) 
unemp_quarter$unemp.lag8 <- Lag(unemp_quarter$unemp, 8) 
unemp_quarter$unemp.lag12 <- Lag(unemp_quarter$unemp, 12) 
unemp_quarter$unemp <- NULL     
 
Denmark_quarter <- merge(Denmark_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Austria_quarter <- merge(Austria_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Hungary_quarter <- merge(Hungary_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Italy_quarter <- merge(Italy_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Spain_quarter <- merge(Spain_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
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all_quarters_data <- rbind(Denmark_quarter, Austria_quarter, Hungary_quarter, Italy_quarter, 
Spain_quarter) 
 
 
#Making a quarterly timetrend 
timetrend_q <- data.frame(Quarter = rep(c("Q1","Q2","Q3","Q4"),10), 
                          Year = rep(c(2004:2013), each = 4), 
                          trend = 1:40) 
 
Denmark_quarter <- merge(Denmark_quarter, timetrend_q, by.x = c("QUARTER", "REFYEAR"), 
by.y = c("Quarter", "Year")) 
Austria_quarter <- merge(Austria_quarter, timetrend_q, by.x = c("QUARTER", "REFYEAR"), by.y 
= c("Quarter", "Year")) 
Hungary_quarter <- merge(Hungary_quarter, timetrend_q, by.x = c("QUARTER", "REFYEAR"), 
by.y = c("Quarter", "Year")) 
Italy_quarter <- merge(Italy_quarter, timetrend_q, by.x = c("QUARTER", "REFYEAR"), by.y = 
c("Quarter", "Year")) 
Spain_quarter <- merge(Spain_quarter, timetrend_q, by.x = c("QUARTER", "REFYEAR"), by.y = 
c("Quarter", "Year")) 
 
 
#### Merging GDP per capita on 
gdp_quarter <- get_eurostat("namq_10_pc", filters = list(na_item = "B1GQ", s_adj = "NSA", unit 
= "CP_EUR_HAB"))   #Unemployment rates of people aged above 15 
gdp_quarter <- as.data.frame(gdp_quarter) 
gdp_quarter$year <- format(gdp_quarter$time, "%Y") 
gdp_quarter$quarter <- quarters(gdp_quarter$time) 
gdp_quarter$gdp <- gdp_quarter$values/1000 #Getting thousand euros 
gdp_quarter$gdpgrowth <- (gdp_quarter$values / Lag(x = gdp_quarter$values, shift = 1) - 1)  
 
gdp_quarter[,c(1, 2, 3, 5, 6)] <- NULL 
 
Denmark_quarter <- merge(Denmark_quarter, gdp_quarter, by.x = c("COUNTRY","QUARTER", 
"REFYEAR"), by.y = c("geo","quarter", "year")) 
Austria_quarter <- merge(Austria_quarter, gdp_quarter, by.x = c("COUNTRY","QUARTER", 
"REFYEAR"), by.y = c("geo","quarter", "year")) 
Hungary_quarter <- merge(Hungary_quarter, gdp_quarter, by.x = c("COUNTRY","QUARTER", 
"REFYEAR"), by.y = c("geo","quarter", "year")) 
Italy_quarter <- merge(Italy_quarter, gdp_quarter, by.x = c("COUNTRY","QUARTER", 
"REFYEAR"), by.y = c("geo","quarter", "year")) 
Spain_quarter <- merge(Spain_quarter, gdp_quarter, by.x = c("COUNTRY","QUARTER", 
"REFYEAR"), by.y = c("geo","quarter", "year")) 
 
 
 
#adjusted unemployment 
unemp_quarter <- as.data.frame(get_eurostat("une_rt_q", filters = list(age ="Y15-74", sex = "T", 
s_adj = "SA", unit = "PC_ACT"))) 
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colnames(unemp_quarter)[which(colnames(unemp_quarter) == "values")] <- "AdjustedUnemp"  
 
unemp_quarter$year <- format(unemp_quarter$time, "%Y") 
unemp_quarter$quarter <- quarters(unemp_quarter$time) 
unemp_quarter$AdjustedUnemp <- unemp_quarter$AdjustedUnemp/100   #Making it into 
percentage, might not be necessary? 
 
unemp_quarter[,c(1:4, 6)] <- NULL 
 
Denmark_quarter <- merge(Denmark_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Austria_quarter <- merge(Austria_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Hungary_quarter <- merge(Hungary_quarter, unemp_quarter, by.x = c("COUNTRY", 
"QUARTER", "REFYEAR"), by.y = c("geo", "quarter", "year")) 
Italy_quarter <- merge(Italy_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
Spain_quarter <- merge(Spain_quarter, unemp_quarter, by.x = c("COUNTRY", "QUARTER", 
"REFYEAR"), by.y = c("geo", "quarter", "year")) 
 
all_quarters_data <- rbind(Denmark_quarter, Austria_quarter, Hungary_quarter, Italy_quarter, 
Spain_quarter) 
 
 
 
############################# DESCRIPTIVE STATISTICS 
############################# 
options(scipen=999) 
 
x <- aggregate(all_quarters_data$unemp, by = list(all_quarters_data$time, 
all_quarters_data$COUNTRY), mean) 
matplot(matrix(x$x, nrow = 40, ncol = 5, dimnames = list(unique(x$Group.1), 
unique(x$Group.2)))) 
 
x <- aggregate(all_quarters_data$AdjustedUnemp, by = list(all_quarters_data$time, 
all_quarters_data$COUNTRY), mean) 
 
x <- aggregate(all_years_data$unemp_young, by = list(all_years_data$REFYEAR, 
all_years_data$COUNTRY), mean) 
matrix(x$x, nrow = 10, ncol = 5, dimnames = list(unique(x$Group.1), unique(x$Group.2))) 
 
x <- aggregate(all_years_data$UpperSecondaryEducationRate, by = 
list(all_years_data$REFYEAR, all_years_data$COUNTRY), mean) 
matrix(x$x, nrow = 10, ncol = 5, dimnames = list(unique(x$Group.1), unique(x$Group.2))) 
 
x <- aggregate(all_years_data$TertiaryEducationRate, by = list(all_years_data$REFYEAR, 
all_years_data$COUNTRY), mean) 
matrix(x$x, nrow = 10, ncol = 5, dimnames = list(unique(x$Group.1), unique(x$Group.2))) 
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library(questionr) 
prop.table(wtd.table(x = all_quarters_data$EDUCLEVL, y = all_quarters_data$COUNTRY, 
weights = all_quarters_data$COEFF), margin = 2) 
 
prop.table(table(all_years_data$EDUCLEVL)) 
 
#unweighted 
prop.table(table(Austria_quarter$HigherEducation)) 
prop.table(table(Austria_year$HigherEducation)) 
 
prop.table(table(Austria_quarter$NATIONAL, useNA = "ifany")) 
prop.table(table(Austria_year$NATIONAL, useNA = "ifany")) 
 
prop.table(table(Austria_quarter$SEX)) 
prop.table(table(Austria_year$SEX)) 
 
prop.table(table(Austria_year$HHNBPERS)) 
 
mean(Austria_year$rel_income_gap) 
 
library(questionr) 
 
a <- with(Austria_quarter, table(x = trend, y = HigherEducation)) 
b <- with(Denmark_quarter, table(x = trend, y = HigherEducation)) 
c <- with(Hungary_quarter, table(x = trend, y = HigherEducation)) 
d <- with(Italy_quarter, table(x = trend, y = HigherEducation)) 
e <- with(Spain_quarter, table(x = trend, y = HigherEducation)) 
 
cbind(a[,2],b[,2],c[,2], d[,2], e[,2]) 
 
#weighted 
prop.table(count(Spain_quarter[!is.na(Spain_quarter$COEFF) & 
!is.na(Spain_quarter$HigherEducation),], "HigherEducation", wt = "COEFF")[2]) 
prop.table(count(Spain_year[!is.na(Spain_year$COEFF) & 
!is.na(Spain_year$HigherEducation),], "HigherEducation", wt = "COEFF")[2]) 
 
prop.table(count(Spain_quarter[!is.na(Spain_quarter$COEFF),], "NATIONAL", wt = 
"COEFF")[2]) 
prop.table(count(Spain_year[!is.na(Spain_year$COEFF),], "NATIONAL", wt = "COEFF")[2]) 
 
prop.table(count(Spain_quarter[!is.na(Spain_quarter$COEFF) & !is.na(Spain_quarter$SEX),], 
"SEX", wt = "COEFF")[2]) 
prop.table(count(Spain_year[!is.na(Spain_year$COEFF) & !is.na(Spain_year$SEX),], "SEX", wt 
= "COEFF")[2]) 
 
prop.table(count(Spain_year[!is.na(Spain_year$COEFF),], "HHNBPERS", wt = "COEFF")[2]) 
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weighted.mean(Spain_year$rel_income_gap[!is.na(Spain_year$COEFF) & 
!is.na(Spain_year$rel_income_gap)], w = Spain_year$COEFF[!is.na(Spain_year$COEFF) & 
!is.na(Spain_year$rel_income_gap)]) #Dont know if this makes sense to include like this, since it 
also "weighted" beforehand 
 
 
with(Austria_quarter, prop.table(wtd.table(x = trend, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Denmark_quarter, prop.table(wtd.table(x = trend, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Hungary_quarter, prop.table(wtd.table(x = trend, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Italy_quarter, prop.table(wtd.table(x = trend, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Spain_quarter, prop.table(wtd.table(x = trend, y = HigherEducation, weights = COEFF), 
margin = 1)) 
 
with(Austria_quarter, aggregate(unemp, by = list(time), mean)) 
with(Denmark_quarter, aggregate(unemp, by = list(time), mean)) 
with(Hungary_quarter, aggregate(unemp, by = list(time), mean)) 
with(Italy_quarter, aggregate(unemp, by = list(time), mean)) 
with(Spain_quarter, aggregate(unemp, by = list(time), mean)) 
 
 
with(Austria_quarter, prop.table(wtd.table(x = NATIONAL, y = HigherEducation, weights = 
COEFF), margin = 2)) 
with(Denmark_quarter, prop.table(wtd.table(x = NATIONAL, y = HigherEducation, weights = 
COEFF), margin = 2)) 
with(Hungary_quarter, prop.table(wtd.table(x = NATIONAL, y = HigherEducation, weights = 
COEFF), margin = 2)) 
with(Italy_quarter, prop.table(wtd.table(x = NATIONAL, y = HigherEducation, weights = 
COEFF), margin = 2)) 
with(Spain_quarter, prop.table(wtd.table(x = NATIONAL, y = HigherEducation, weights = 
COEFF), margin = 2)) 
 
with(Austria_quarter, prop.table(wtd.table(x = SEX, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Denmark_quarter, prop.table(wtd.table(x = SEX, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Hungary_quarter, prop.table(wtd.table(x = SEX, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Italy_quarter, prop.table(wtd.table(x = SEX, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Spain_quarter, prop.table(wtd.table(x = SEX, y = HigherEducation, weights = COEFF), 
margin = 1)) 
 
with(Austria_year, prop.table(wtd.table(x = HHNBPERS, y = HigherEducation, weights = 
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COEFF), margin = 1)) 
with(Denmark_year, prop.table(wtd.table(x = HHNBPERS, y = HigherEducation, weights = 
COEFF), margin = 1)) 
with(Hungary_year, prop.table(wtd.table(x = HHNBPERS, y = HigherEducation, weights = 
COEFF), margin = 1)) 
with(Italy_year, prop.table(wtd.table(x = HHNBPERS, y = HigherEducation, weights = COEFF), 
margin = 1)) 
with(Spain_year, prop.table(wtd.table(x = HHNBPERS, y = HigherEducation, weights = COEFF), 
margin = 1)) 
 
prop.table(wtd.table(x = all_quarters_data$COUNTRY, y = all_quarters_data$EDUCLEVL, 
weights = all_quarters_data$COEFF), margin = 1) 
 
 
cor(Austria_quarter$gdp, Austria_quarter$unemp) 
cor(Denmark_quarter$gdp, Denmark_quarter$unemp) 
cor(Hungary_quarter$gdp, Hungary_quarter$unemp) 
cor(Italy_quarter$gdp, Italy_quarter$unemp) 
cor(Spain_quarter$gdp, Spain_quarter$unemp) 
 
 
cor(income_year$abs_income_gap[income_year$geo == "AT" & income_year$time < 2014 & 
income_year$time > 2003], unemp_year$values[unemp_year$geo == "AT" & unemp_year$time < 
2014 & unemp_year$time > 2003]) 
cor(income_year$abs_income_gap[income_year$geo == "DK" & income_year$time < 2014 & 
income_year$time > 2003], unemp_year$values[unemp_year$geo == "DK" & unemp_year$time 
< 2014 & unemp_year$time > 2003]) 
cor(income_year$abs_income_gap[income_year$geo == "HU" & income_year$time < 2014 & 
income_year$time > 2004], unemp_year$values[unemp_year$geo == "HU" & unemp_year$time 
< 2014 & unemp_year$time > 2004]) 
cor(income_year$abs_income_gap[income_year$geo == "IT" & income_year$time < 2014 & 
income_year$time > 2003], unemp_year$values[unemp_year$geo == "IT" & unemp_year$time < 
2014 & unemp_year$time > 2003]) 
cor(income_year$abs_income_gap[income_year$geo == "ES" & income_year$time < 2014 & 
income_year$time > 2003], unemp_year$values[unemp_year$geo == "ES" & unemp_year$time < 
2014 & unemp_year$time > 2003]) 
 
 
cor(gdp_quarter$gdp[gdp_quarter$geo == "AT" & gdp_quarter$year < 2014 & 
gdp_quarter$year > 2003], unemp_quarter$values[unemp_quarter$geo == "AT" & 
unemp_quarter$year < 2014 & unemp_quarter$year > 2003]) 
cor(gdp_quarter$gdp[gdp_quarter$geo == "DK" & gdp_quarter$year < 2014 & 
gdp_quarter$year > 2003], unemp_quarter$values[unemp_quarter$geo == "DK" & 
unemp_quarter$year < 2014 & unemp_quarter$year > 2003]) 
cor(gdp_quarter$gdp[gdp_quarter$geo == "HU" & gdp_quarter$year < 2014 & 
gdp_quarter$year > 2004], unemp_quarter$values[unemp_quarter$geo == "HU" & 
unemp_quarter$year < 2014 & unemp_quarter$year > 2004]) 
cor(gdp_quarter$gdp[gdp_quarter$geo == "IT" & gdp_quarter$year < 2014 & gdp_quarter$year 
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> 2003], unemp_quarter$values[unemp_quarter$geo == "IT" & unemp_quarter$year < 2014 & 
unemp_quarter$year > 2003]) 
cor(gdp_quarter$gdp[gdp_quarter$geo == "ES" & gdp_quarter$year < 2014 & gdp_quarter$year 
> 2003], unemp_quarter$values[unemp_quarter$geo == "ES" & unemp_quarter$year < 2014 & 
unemp_quarter$year > 2003]) 
 
 
############################ REGRESSION MODELS ###################### 
#########################QUARTERLY MODELS ################################# 
 
# Regressions with unemployment only, quarterly, and country fixed effects for the all_countries 
data 
Austria_unemp_only <- glm(HigherEducation ~ unemp, data = Austria_quarter, family = 
binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~unemp, data = Denmark_quarter, family = 
binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~unemp, data = Hungary_quarter, family = 
binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~unemp, data = Italy_quarter, family = binomial(link 
= "logit")) 
Spain_unemp_only <- glm(HigherEducation ~unemp, data = Spain_quarter, family = 
binomial(link = "logit")) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "text", column.labels = labels) 
 
 
#Regressions with Unemployment + sex (0 if male, 1 if female) + Nationality, quarterly 
Austria_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL, data = 
Austria_quarter, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL, data = 
Denmark_quarter, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL, data = 
Hungary_quarter, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL, data = 
Italy_quarter, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL, data = 
Spain_quarter, family = binomial(link = "logit")) 
 
#Regressions with Unemployment + sex (0 if male, 1 if female) + Nationality + QUARTER + 
GDP, quarterly 
Austria_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + gdp, data = 
Austria_quarter, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + gdp, data 
= Denmark_quarter, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + gdp, data 
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= Hungary_quarter, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + gdp, data = 
Italy_quarter, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + gdp, data = 
Spain_quarter, family = binomial(link = "logit")) 
 
#Regressions with Unemployment + Nationality, quarterly SPLIT ON MALE/FEMALE 
Austria_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Austria_quarter[Austria_quarter$SEX == 0,], family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Denmark_quarter[Denmark_quarter$SEX == 0,], family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Hungary_quarter[Hungary_quarter$SEX == 0,], family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Italy_quarter[Italy_quarter$SEX == 0,], family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Spain_quarter[Spain_quarter$SEX == 0,], family = binomial(link = "logit")) 
 
summary(Austria_quarter[Austria_quarter$SEX == 1,]) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "html", column.labels = labels, omit = "COUNTRY") 
 
 
#Regressions with Unemployment + sex (0 if male, 1 if female) + Nationality + Ages, quarterly 
Austria_unemp_only <- glm(HigherEducation ~ unemp+ factor(SEX) + NATIONAL + 
factor(AGE), data = Austria_quarter, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp+ factor(SEX) + NATIONAL + 
factor(AGE), data = Denmark_quarter, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp+ factor(SEX) + NATIONAL + 
factor(AGE), data = Hungary_quarter, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp+ factor(SEX) + NATIONAL + factor(AGE), 
data = Italy_quarter, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp+ factor(SEX) + NATIONAL + factor(AGE), 
data = Spain_quarter, family = binomial(link = "logit")) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "html", column.labels = labels, omit = "COUNTRY") 
 
table(Hungary_quarter$AGE) 
######################## YEARLY MODELS ########################## 
 
#Yearly regressions with unemployment (and fixed country effects) only. 
All_countries_unemp_only <- glm(HigherEducation ~ unemp + COUNTRY, data = 
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all_years_data, family = binomial(link = "logit")) 
Austria_unemp_only <- glm(HigherEducation ~ unemp, data = Austria_year, family = 
binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp, data = Denmark_year, family = 
binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp, data = Hungary_year, family = 
binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp, data = Italy_year, family = binomial(link = 
"logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp, data = Spain_year, family = binomial(link 
= "logit")) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "html", column.labels = labels, omit = "COUNTRY") 
 
 
 
matplot(y= income_year[income_year$geo == "IT", c("abs_income_gap", "rel_income_gap")]) 
 
#Yearly regressions with unemployment + Sex + nationality + HH people        
#Denmark doesn't have number of people sadly (just NA) 
Austria_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + abs_income_gap, data = Austria_year, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
abs_income_gap, data = Denmark_year, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + abs_income_gap, data = Hungary_year, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + abs_income_gap, data = Italy_year, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + abs_income_gap, data = Spain_year, family = binomial(link = "logit")) 
 
 
#Everything with weights 
Austria_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + rel_income_gap, data = Austria_year, family = binomial(link = "logit"), 
weights = Austria_year$COEFF) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
rel_income_gap, data = Denmark_year, family = binomial(link = "logit"), weights = 
Denmark_year$COEFF) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + rel_income_gap, data = Hungary_year, family = binomial(link = "logit"), 
weights = Hungary_year$COEFF) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + rel_income_gap, data = Italy_year, family = binomial(link = "logit"), 
weights = Italy_year$COEFF) 
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Spain_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + rel_income_gap, data = Spain_year, family = binomial(link = "logit"), 
weights = Spain_year$COEFF) 
 
#Yearly regressions with unemployment + Sex + nationality + HH people + Age        
#Denmark doesn't have number of people sadly (just NA) 
Austria_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + factor(AGE), data = Austria_year, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(AGE), data = Denmark_year, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + factor(AGE), data = Hungary_year, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + factor(AGE), data = Italy_year, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + factor(SEX) + NATIONAL + 
factor(HHNBPERS) + factor(AGE), data = Spain_year, family = binomial(link = "logit")) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "html", column.labels = labels, omit = "COUNTRY") 
 
# Regressions with youth unemployment only 
Austria_unemp_only <- glm(HigherEducation ~ unemp_young, data = Austria_year, family = 
binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp_young, data = Denmark_year, family = 
binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp_young, data = Hungary_year, family = 
binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp_young, data = Italy_year, family = 
binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp_young, data = Spain_year, family = 
binomial(link = "logit")) 
 
# Regressions with youth unemployment and everything else 
Austria_unemp_only <- glm(HigherEducation ~ unemp_young + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Austria_year, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp_young + factor(SEX) + NATIONAL, 
data = Denmark_year, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp_young + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Hungary_year, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp_young + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Italy_year, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp_young + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Spain_year, family = binomial(link = "logit")) 
 
 
#Yearly regressions ROBUSTNESS CHECKS. First with lagged unemployment      
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Austria_unemp_only <- glm(HigherEducation ~ unemp.lag3 + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Austria_year, family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp.lag3 + factor(SEX) + NATIONAL, data 
= Denmark_year, family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp.lag3 + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Hungary_year, family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp.lag3 + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Italy_year, family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp.lag3 + factor(SEX) + NATIONAL + 
factor(HHNBPERS), data = Spain_year, family = binomial(link = "logit")) 
 
 
#Yearly regressions ROBUSTNESS CHECKS. Different unemployment rates by education     
Austria_unemp_only <- glm(HigherEducation ~ UpperSecondaryEducationRate+ 
TertiaryEducationRate+ factor(SEX) + NATIONAL + factor(HHNBPERS), data = Austria_year, 
family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ UpperSecondaryEducationRate + 
TertiaryEducationRate+ factor(SEX) + NATIONAL, data = Denmark_year, family = binomial(link 
= "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ UpperSecondaryEducationRate+ 
TertiaryEducationRate+ factor(SEX) + NATIONAL + factor(HHNBPERS), data = Hungary_year, 
family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ UpperSecondaryEducationRate+ 
TertiaryEducationRate+ factor(SEX) + NATIONAL + factor(HHNBPERS), data = Italy_year, 
family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ UpperSecondaryEducationRate+ 
TertiaryEducationRate+ factor(SEX) + NATIONAL + factor(HHNBPERS), data = Spain_year, 
family = binomial(link = "logit")) 
 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_unemp_only, Denmark_unemp_only, Hungary_unemp_only, Italy_unemp_only, 
Spain_unemp_only,  
          type = "html", column.labels = labels, omit = "COUNTRY") 
 
 
#Yearly regressions ROBUSTNESS CHECKS. Split by male and female only    
 
#Change the data to be SEX == 0 or 1 depending on male/female 
Austria_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS), data 
= Austria_year[Austria_year$SEX == 0,], family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL, data = 
Denmark_year[Denmark_year$SEX == 0,], family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS), 
data = Hungary_year[Hungary_year$SEX == 0,], family = binomial(link = "logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS), data = 
Italy_year[Italy_year$SEX == 0,], family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS), data = 
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Spain_year[Spain_year$SEX == 0,], family = binomial(link = "logit")) 
 
# Regressions with different dependent variables 
# First, making the dependent variable 
Austria_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS) + 
rel_income_gap, data = Austria_year[Austria_year$SEX == 0,], family = binomial(link = "logit")) 
Denmark_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + rel_income_gap, data = 
Denmark_year[Denmark_year$SEX == 0,], family = binomial(link = "logit")) 
Hungary_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS) + 
rel_income_gap, data = Hungary_year[Hungary_year$SEX == 0,], family = binomial(link = 
"logit")) 
Italy_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS) + 
rel_income_gap, data = Italy_year[Italy_year$SEX == 0,], family = binomial(link = "logit")) 
Spain_unemp_only <- glm(HigherEducation ~ unemp + NATIONAL + factor(HHNBPERS) + 
rel_income_gap, data = Spain_year[Spain_year$SEX == 0,], family = binomial(link = "logit")) 
 
 
 
#Some stuff for standard errors 
A_youth_unemp_only <- coeftest(Austria_youth_unemp_only, 
vcoc=vcovHC(Austria_youth_unemp_only, type="HC0")) 
D_youth_unemp_only <- coeftest(Denmark_youth_unemp_only, 
vcoc=vcovHC(Denmark_youth_unemp_only, type="HC0")) 
H_youth_unemp_only <-coeftest(Hungary_youth_unemp_only, 
vcoc=vcovHC(Hungary_youth_unemp_only, type="HC0")) 
I_youth_unemp_only <-coeftest(Italy_youth_unemp_only, vcoc=vcovHC(Italy_youth_unemp_only, 
type="HC0")) 
S_youth_unemp_only <-coeftest(Spain_youth_unemp_only, 
vcoc=vcovHC(Spain_youth_unemp_only, type="HC0")) 
 
labels <- c("Austria", "Denmark", "Hungary", "Italy", "Spain") 
stargazer(Austria_youth_unemp_only, Denmark_youth_unemp_only, Hungary_youth_unemp_only, 
Italy_youth_unemp_only, Spain_youth_unemp_only,  
          se = list(A_youth_unemp_only[,2], D_youth_unemp_only[,2], H_youth_unemp_only[,2], 
I_youth_unemp_only[,2], S_youth_unemp_only[,2]),  
          type = "text", column.labels = labels) 
 
 
#####Marginal effects##### 
############################Different probabilities across countries 
 
#Assuming female, in own country, rate of 10%, 1 household person (or none) 
m_Austria <- 1/(1+exp(-
(Austria_unemp_only$coefficients[1]+Austria_unemp_only$coefficients[2]*0.1 
                        +Austria_unemp_only$coefficients[3]*1))) 
 
m_Denmark <- 1/(1+exp(-
(Denmark_unemp_only$coefficients[1]+Denmark_unemp_only$coefficients[2]*0.1 
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                        +Denmark_unemp_only$coefficients[3]*1))) 
 
m_Hungary <- 1/(1+exp(-
(Hungary_unemp_only$coefficients[1]+Hungary_unemp_only$coefficients[2]*0.1 
                        +Hungary_unemp_only$coefficients[3]*1))) 
 
m_Italy <- 1/(1+exp(-(Italy_unemp_only$coefficients[1]+Italy_unemp_only$coefficients[2]*0.1 
                      +Italy_unemp_only$coefficients[3]*1))) 
 
m_Spain <- 1/(1+exp(-(Spain_unemp_only$coefficients[1]+Spain_unemp_only$coefficients[2]*0.1 
                      +Spain_unemp_only$coefficients[3]*1))) 
 
 
#Assuming female, from EU country, rate of 10%, no household persons 
m_Austria <- 1/(1+exp(-
(Austria_unemp_only$coefficients[1]+Austria_unemp_only$coefficients[2]*0.1 
                        +Austria_unemp_only$coefficients[3]*1 + 
Austria_unemp_only$coefficients[4]*1))) 
 
m_Denmark <- 1/(1+exp(-
(Denmark_unemp_only$coefficients[1]+Denmark_unemp_only$coefficients[2]*0.1 
                        +Denmark_unemp_only$coefficients[3]*1 
+Denmark_unemp_only$coefficients[4]*1))) 
 
m_Hungary <- 1/(1+exp(-
(Hungary_unemp_only$coefficients[1]+Hungary_unemp_only$coefficients[2]*0.1 
                        +Hungary_unemp_only$coefficients[3]*1 
+Hungary_unemp_only$coefficients[4]*1))) 
 
m_Italy <- 1/(1+exp(-(Italy_unemp_only$coefficients[1]+Italy_unemp_only$coefficients[2]*0.1 
                      +Italy_unemp_only$coefficients[3]*1 +Italy_unemp_only$coefficients[4]*1))) 
 
m_Spain <- 1/(1+exp(-(Spain_unemp_only$coefficients[1]+Spain_unemp_only$coefficients[2]*0.1 
                      +Spain_unemp_only$coefficients[3]*1 +Spain_unemp_only$coefficients[4]*1))) 
 
 
 
#Assuming female, in own country, rate of 10%, lives in a household of 4 
m_Austria <- 1/(1+exp(-
(Austria_unemp_only$coefficients[1]+Austria_unemp_only$coefficients[2]*0.1 
                        +Austria_unemp_only$coefficients[3]*1 + Austria_unemp_only$coefficients[8]))) 
 
m_Denmark <- 1/(1+exp(-
(Denmark_unemp_only$coefficients[1]+Denmark_unemp_only$coefficients[2]*0.1 
                        +Denmark_unemp_only$coefficients[3]*1))) 
 
m_Hungary <- 1/(1+exp(-
(Hungary_unemp_only$coefficients[1]+Hungary_unemp_only$coefficients[2]*0.1 
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                        +Hungary_unemp_only$coefficients[3]*1 + 
Hungary_unemp_only$coefficients[8]))) 
 
m_Italy <- 1/(1+exp(-(Italy_unemp_only$coefficients[1]+Italy_unemp_only$coefficients[2]*0.1 
                      +Italy_unemp_only$coefficients[3]*1+ Italy_unemp_only$coefficients[8]))) 
 
m_Spain <- 1/(1+exp(-(Spain_unemp_only$coefficients[1]+Spain_unemp_only$coefficients[2]*0.1 
                      +Spain_unemp_only$coefficients[3]*1+ Spain_unemp_only$coefficients[8]))) 
 
 
#Assuming female, from EU country, rate of 10%, lives in a household of 4 
m_Austria <- 1/(1+exp(-
(Austria_unemp_only$coefficients[1]+Austria_unemp_only$coefficients[2]*0.1 
                        +Austria_unemp_only$coefficients[3]*1 + Austria_unemp_only$coefficients[4] + 
Austria_unemp_only$coefficients[8]))) 
 
m_Denmark <- 1/(1+exp(-
(Denmark_unemp_only$coefficients[1]+Denmark_unemp_only$coefficients[2]*0.1 
                        +Denmark_unemp_only$coefficients[3]*1 
+Denmark_unemp_only$coefficients[4]*1))) 
 
m_Hungary <- 1/(1+exp(-
(Hungary_unemp_only$coefficients[1]+Hungary_unemp_only$coefficients[2]*0.1 
                        +Hungary_unemp_only$coefficients[3]*1+Hungary_unemp_only$coefficients[4]*1 
+ Hungary_unemp_only$coefficients[8]))) 
 
m_Italy <- 1/(1+exp(-(Italy_unemp_only$coefficients[1]+Italy_unemp_only$coefficients[2]*0.1 
                      +Italy_unemp_only$coefficients[3]*1+Italy_unemp_only$coefficients[4]*1+ 
Italy_unemp_only$coefficients[8]))) 
 
m_Spain <- 1/(1+exp(-(Spain_unemp_only$coefficients[1]+Spain_unemp_only$coefficients[2]*0.1 
                      +Spain_unemp_only$coefficients[3]*1+Spain_unemp_only$coefficients[4]*1+ 
Spain_unemp_only$coefficients[8]))) 
 
 
#Assuming female, in own country, rate of 10%, lives in a household of 4 
m_Austria <- 1/(1+exp(-
(Austria_unemp_only$coefficients[1]+Austria_unemp_only$coefficients[2]*0.1 
                        +Austria_unemp_only$coefficients[3]*1 + Austria_unemp_only$coefficients[8]))) 
 
m_Denmark <- 1/(1+exp(-
(Denmark_unemp_only$coefficients[1]+Denmark_unemp_only$coefficients[2]*0.1 
                        +Denmark_unemp_only$coefficients[3]*1))) 
 
m_Hungary <- 1/(1+exp(-
(Hungary_unemp_only$coefficients[1]+Hungary_unemp_only$coefficients[2]*0.1 
                        +Hungary_unemp_only$coefficients[3]*1 + 
Hungary_unemp_only$coefficients[8]))) 
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m_Italy <- 1/(1+exp(-(Italy_unemp_only$coefficients[1]+Italy_unemp_only$coefficients[2]*0.1 
                      +Italy_unemp_only$coefficients[3]*1+ Italy_unemp_only$coefficients[8]))) 
 
m_Spain <- 1/(1+exp(-(Spain_unemp_only$coefficients[1]+Spain_unemp_only$coefficients[2]*0.1 
                      +Spain_unemp_only$coefficients[3]*1+ Spain_unemp_only$coefficients[8]))) 
 
as.matrix(list(m_Austria, 
  m_Denmark, 
  m_Hungary, 
  m_Italy, 
  m_Spain)) 
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Appendix 5. Unemployment rates by educational level 
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Appendix 6. Unemployment rates by gender 
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Appendix 7. Lagged unemployment rates regressions, full specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1)  (2)  (3)  (4)  (5) 

Panel A: Unemployment lagged 1 quarter 
unemp.lag1 -0.344 4.925*** 0.772*** -2.782*** 0.439*** 

  (1.335)  (0.649)   (0.284)   (0.234)   (0.080)        
factor(SEX)1 0.437*** 0.389*** 0.416*** 0.535*** 0.190*** 

  (0.014)   (0.022)   (0.010)   (0.008)   (0.009)        
NATIONAL005-EU28 0.900*** 0.553*** -0.150*** -1.826*** -2.060*** 

  (0.038)   (0.176)   (0.039)   (0.055)   (0.044)        
NATIONALNO 

ANSWER -0.275*** 0.041 -0.285*** -0.218*** -0.298*** 
  (0.022)   (0.038)   (0.019)   (0.011)   (0.011)        

Constant -1.298*** -1.022*** -0.611*** -0.101*** 0.464*** 
  (0.067)   (0.046)   (0.026)   (0.020)   (0.016)        

  
Observations 108.246 37.445 170.119 277.304 227.189 

Log Likelihood -60,067.890 -24,674.110 -114,098.900 -188,448.300 -148,417.400 
      

Panel B: Unemployment lagged 2 quarters 
  Austria Denmark Hungary Italy Spain 
   (1)  (2)  (3)  (4)  (5) 

unemp.lag2 1.751 5.110*** -0.301 -3.144*** 0.369*** 
  (1.264) (0.636) (0.272) (0.245) (0.081)       

factor(SEX)1 0.436*** 0.389*** 0.416*** 0.535*** 0.190*** 
 (0.014) (0.022) (0.010) (0.008) (0.009)       

NATIONAL005-
EU28 0.901*** 0.551*** -0.134*** -1.826*** -2.062*** 

 (0.038) (0.176) (0.039) (0.055) (0.044)       
NATIONALNO 

ANSWER -0.278*** 0.037 -0.316*** -0.210*** -0.305*** 
 (0.022) (0.038) (0.019) (0.011) (0.011)       

Constant -1.402*** -1.031*** -0.515*** -0.075*** 0.478*** 
 (0.064) (0.044) (0.025) (0.020) (0.016)       

  
Observations 108.246 37.445 170.119 277.304 227.189 

Log Likelihood -60,066.960 -24,670.540 -114,102.000 -188,436.400 -148,422.100 
      

Panel C: Unemployment lagged 4 quarters 
  Austria Denmark Hungary Italy Spain 
   (1)  (2)  (3)  (4)  (5) 

unemp.lag4 -1.801 5.974*** 0.265278 -0.629** 0.918*** 
  (1.317) (0.631) (0.271) (0.306) (0.086)       

factor(SEX)1 0.437*** 0.389*** 0.416*** 0.535*** 0.190*** 
 (0.014) (0.022) (0.010) (0.008) (0.009)       
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NATIONAL005-
EU28 0.899*** 0.537*** -0.148*** -1.836*** -2.051*** 

 (0.038) (0.176) (0.039) (0.055) (0.044)       
NATIONALNO 

ANSWER -0.285*** 0.038 -0.299*** -0.217*** -0.280*** 
 (0.023) (0.038) (0.019) (0.011) (0.010)       

Constant -1.225*** -1.075*** -0.574*** -0.276*** 0.394*** 
 (0.067) (0.043) (0.024) (0.024) (0.015)       

  
Observations 108.246 37.445 170.119 277.304 227.189 

Log Likelihood -60,066.990 -24,658.010 -114,101.600 -188,516.800 -148,375.300 
      

Panel D: Unemployment lagged 8 quarters 
  Austria Denmark Hungary Italy Spain 
   (1)  (2)  (3)  (4)  (5) 

unemp.lag8 0.457 5.327*** -0.400 3.060*** 1.421*** 
  (1.168) (0.640) (0.277) (0.405) (0.101)       

factor(SEX)1 0.437*** 0.390*** 0.416*** 0.535*** 0.191*** 
 (0.014) (0.022) (0.010) (0.008) (0.009)       

NATIONAL005-
EU28 0.901*** 0.545*** -0.128*** -1.835*** -2.051*** 

 (0.038) (0.176) (0.039) (0.055) (0.044)       
NATIONALNO 

ANSWER -0.271*** 0.039 -0.316*** -0.254*** -0.289*** 
 (0.023) (0.038) (0.018) (0.012) (0.010)       

Constant -1.347*** -1.009*** -0.510*** -0.559*** 0.344*** 
 (0.059) (0.041) (0.023) (0.031) (0.016)       

  
Observations 108.246 37.445 170.119 277.304 227.189 

Log Likelihood -60,067.760 -24,668.330 -114,101.500 -188,490.400 -148,333.300 
Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 8. Youth unemployment rates and unemployment rates by educational level, full 
specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1)  (2)  (3)  (4)  (5) 

Panel A: Youth unemployments 
unemp_young -2.292*** 2.249*** -0.024 -0.761*** 0.263*** 

  (0.633)  (0.317)  (0.120)  (0.063)  (0.038)       
factor(SEX)1 0.437*** 0.391*** 0.416*** 0.535*** 0.190*** 

  (0.014)  (0.021)  (0.010)  (0.008)  (0.009)       

NATIONAL005-EU28 0.898*** 0.562*** -0.138*** -1.821*** -2.056*** 
  (0.038)  (0.176)  (0.039)  (0.055)  (0.044)       

NATIONALNO ANSWER -0.273*** 0.066* -0.310*** -0.237*** -0.286*** 
  (0.022)  (0.039)  (0.019)  (0.011)  (0.011)       

Constant -1.092*** -1.004*** -0.536*** -0.122*** 0.440*** 
  (0.062)  (0.046)  (0.028)  (0.018)  (0.016)       

  
Observations 108,246 37,445 170,119 277,304 227,189 

Log Likelihood -60,061.36 -24,677.80 -114,102.60 -188,445.80 -148,408.00 

Panel B: Unemployment by education 

UpperSecondaryEducationRate -3.854** 9.726*** 8.993*** -1.984*** -0.856** 
  (1.857)  (1.210)  (0.769)   (0.431)   (0.358)        

TertiaryEducationRate 3.683** -8.882*** -18.844*** -0.361 2.887*** 
  (1.783)  (1.959)  (1.654)  (0.883)   (0.627)        

factor(SEX)1 0.437*** 0.392*** 0.416*** 0.535*** 0.190*** 
  (0.014)   (0.022)   (0.010)   (0.008)   (0.009)        

NATIONAL005-EU28 0.899*** 0.566*** -0.182*** -1.825*** -2.051*** 
  (0.038)   (0.176)   (0.039)   (0.055)   (0.044)        

NATIONALNO ANSWER -0.286*** 0.062 -0.289*** -0.224*** -0.285*** 
  (0.023)   (0.039)   (0.019)   (0.011)   (0.011)        

Constant -1.246*** -0.887*** -0.661*** -0.155*** 0.379*** 
  (0.066)   (0.050)   (0.025)   (0.028)   (0.017)        

  
Observations 108.246 37.445 170.119 277.304 227.189 

Log Likelihood -60,065.250 -24,663.850 -114,033.100 -188,472.000 -148,377.000 
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Appendix 9. Regressions with data split on males and females, full specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1)  (2)  (3)  (4)  (5) 

Panel A: Only males 
unemp 5.021** 6.899*** 2.942*** -1.598*** 0.625*** 

  (1.999)  (0.988)   (0.412)   (0.310)   (0.114)  
      

NATIONAL005-
EU28 1.130*** 0.575** -0.153*** -1.748*** -2.113*** 

  (0.058)   (0.259)   (0.054)   (0.092)   (0.073)        
NATIONALNO 

ANSWER -0.187*** 0.067 -0.170*** -0.140*** -0.279*** 
  (0.032)   (0.059)   (0.028)   (0.016)   (0.016)  
      

Constant -1.586*** -1.156*** -0.813*** -0.207*** 0.428*** 
  (0.101)   (0.068)   (0.038)   (0.026)   (0.022)  

  
Observations 55,244 17,861 86,825 135,919 107,050 

Log Likelihood -28,200.760 -11,332.190 -56,706.510 -91,606.860 -71,158.030 

Panel B: Only females 
unemp -9.846*** 3.682*** 0.023 -2.350*** 0.589*** 

  (1.811)  (0.896)   (0.407)   (0.303)   (0.111)  
      

NATIONAL005-
EU28 0.736*** 0.538** -0.154*** -1.874*** -2.021*** 

  (0.049)   (0.240)   (0.055)   (0.070)   (0.056)  
      

NATIONALNO 
ANSWER -0.335*** 0.018 -0.361*** -0.292*** -0.286*** 

  (0.029)   (0.051)   (0.027)   (0.015)   (0.015)  
      

Constant -0.368*** -0.550*** -0.122*** 0.413*** 0.625*** 
  (0.091)   (0.061)   (0.037)   (0.025)   (0.021)  

  
Observations 53.002 19.584 83.294 141.385 120.139 

Log Likelihood -31,829.340 -13,337.570 -57,365.310 -96,843.300 -77,244.730 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 10. Regressions with GDP per capita, seasonality, full specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1)  (2)  (3)  (4)  (5) 

Panel A: Including GDP Per capita 
unemp 3.973** 3.024*** 1.483*** -2.006*** 0.633*** 

  (1.561)  (0.727)  (0.294)  (0.217)  (0.080)       
factor(SEX)1 0.439*** 0.391*** 0.416*** 0.535*** 0.190*** 

  (0.014)  (0.022)  (0.010)  (0.008)  (0.009)       
NATIONAL005-

EU28 0.899*** 0.537*** -0.153*** -1.822*** -2.059*** 
  (0.038)  (0.176)  (0.039)  (0.055)  (0.044)       

NATIONALNO 
ANSWER -0.221*** 0.125*** -0.272*** -0.241*** -0.276*** 

  (0.022)  (0.040)  (0.020)  (0.011)  (0.011)       
gdp per capita 0.101*** 0.143*** -0.008 -0.061*** 0.074*** 

  (0.011)  (0.020)  (0.021)  (0.012)  (0.013)       
Constant  -2.396***   -2.468***   -0.655***   0.245***   0.011  

  (0.155)  (0.210)  (0.055)  (0.080)  (0.073) 
            

Observations  108,246.000   37,445.000   170,119.000   277,304.000   227,189.000  

Log Likelihood  (60,026.320)  (24,648.110)  (114,089.700)  (188,463.400)  (148,385.900) 

  
Panel B: Including seasonality 

unemp -2.115 5.330*** 1.237*** -2.952*** 0.486*** 
  (1.409)  (0.672)  (0.294)  (0.226)  (0.080)       

factor(SEX)1 0.437*** 0.392*** 0.417*** 0.536*** 0.191*** 
  (0.014)  (0.022)  (0.010)  (0.008)  (0.009)       

NATIONAL005-
EU28 0.899*** 0.543*** -0.150*** -1.823*** -2.079*** 

  (0.038)  (0.177)  (0.039)  (0.056)  (0.044)       
NATIONALNO 

ANSWER -0.278*** 0.028 -0.264*** -0.221*** -0.298*** 
  (0.022)  (0.039)  (0.020)  (0.011)  (0.011)       

QUARTERQ2 0.007 -0.120*** -0.040*** -0.078*** -0.135*** 
  (0.021)  (0.032)  (0.014)  (0.011)  (0.013)       

QUARTERQ3 0.028 -0.186*** -0.253*** -0.147*** -0.449*** 
  (0.021)  (0.030)  (0.014)  (0.011)  (0.012)       

QUARTERQ4 0.074*** 0.073** -0.022 0.004 0.095*** 
  (0.021)  (0.031)  (0.014)  (0.011)  (0.013)       

Constant -1.236*** -0.990*** -0.576*** -0.029 0.584*** 
  (0.076)  (0.053)  (0.030)  (0.021)  (0.018)       

  
Observations  108,246.000   37,445.000   170,119.000   277,304.000   227,189.000  
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Log Likelihood  (60,057.190)  (24,626.530)  (113,882.700)  (188,353.900)  (147,271.100) 

Panel C: Including GDP per capita and seasonality 
unemp 3.664** 2.328*** 0.387 -3.568*** 0.448*** 

  (1.585)  (0.792)  (0.315)  (0.229)  (0.081)       
factor(SEX)1 0.439*** 0.394*** 0.418*** 0.536*** 0.191*** 

  (0.014)  (0.022)  (0.010)  (0.008)  (0.009)       
NATIONAL005-

EU28 0.899*** 0.522*** -0.169*** -1.806*** -2.075*** 
  (0.038)  (0.177)  (0.039)  (0.056)  (0.044)       

NATIONALNO 
ANSWER -0.220*** 0.125*** -0.194*** -0.348*** -0.306*** 

  (0.023)  (0.041)  (0.022)  (0.013)  (0.011)       
QUARTERQ2 -0.022 -0.213*** -0.104*** 0.063*** -0.107*** 

  (0.021)  (0.034)  (0.017)  (0.014)  (0.013)       
QUARTERQ3 -0.007 -0.260*** -0.343*** -0.059*** -0.442*** 

  (0.021)  (0.032)  (0.019)  (0.012)  (0.012)       
QUARTERQ4 0.001 -0.070* -0.148*** 0.307*** 0.135*** 

  (0.023)  (0.037)  (0.022)  (0.021)  (0.014)       
gdp per capita 0.100*** 0.172*** 0.254*** -0.382*** -0.092*** 

  (0.013)  (0.024)  (0.034)  (0.023)  (0.015)       
Constant -2.362*** -2.605*** -1.053*** 2.451*** 1.089*** 

  (0.160)  (0.236)  (0.070)  (0.150)  (0.082) 
  

Observations  108,246.000   37,445.000   170,119.000   277,304.000   227,189.000  

Log Likelihood  (60,025.510)  (24,601.610)  (113,854.500)  (188,214.200)  (147,251.100) 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 11. Yearly regressions with absolute income gap in euros, full specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
   (1)  (2)  (3)  (4)  (5) 

unemp -1.975 1.434 0.733* -3.235*** 2.858*** 
  (1.755)  (1.288)  (0.378)  (0.268)  (0.282)       

factor(SEX)1 0.369*** 0.400*** 0.424*** 0.554*** 0.195*** 
  (0.015)  (0.023)  (0.012)  (0.008)  (0.019)       

NATIONAL005-EU28 0.705*** 0.535*** -0.146*** -1.729*** -1.751*** 
  (0.056)  (0.184)  (0.040)  (0.056)  (0.106)       

NATIONALNO ANSWER 0.134*** 0.158*** 0.445*** -0.452*** -1.263*** 
  (0.027)  (0.051)  (0.069)  (0.017)  (0.047)       

factor(HHNBPERS)2 0.209***  -1.101*** -0.290*** 0.300* 
  (0.035)   (0.038)  (0.041)  (0.157)       

factor(HHNBPERS)3 0.293***  -1.086*** -0.103*** 0.837*** 
  (0.033)   (0.036)  (0.038)  (0.153)       

factor(HHNBPERS)4 0.270***  -0.955*** 0.038 1.065*** 
  (0.033)   (0.036)  (0.037)  (0.153)       

factor(HHNBPERS)5 0.053  -1.194*** -0.147*** 0.992*** 
  (0.036)   (0.037)  (0.038)  (0.154)       

factor(HHNBPERS)6+ -0.158***  -1.632*** -0.349*** 0.764*** 
  (0.042)   (0.041)  (0.042)  (0.157)       

factor(HHNBPERS)NA -1.100***  -2.193*** -1.693*** -0.223 
  (0.053)   (0.069)  (0.069)  (0.189)       

abs_income_gap 0.069*** 0.077*** 0.014 -0.072*** -0.023 
  (0.018)  (0.023)  (0.038)  (0.015)  (0.017)       

Constant -1.598*** -1.183*** 0.432*** 0.412*** -0.799*** 
  (0.134)  (0.070)  (0.076)  (0.105)  (0.160) 

  
Observations 96,316 31,968 128,477 251,906 47,461 

Log Likelihood -53,367.87 -21,083.38 -85,364.32 -169,706.2 -30,676.87 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 12. Yearly regressions with youth unemployment and unemployment by 
educational level 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
 (1) (2) (3) (4) (5) 

 

Panel A: Youth unemployment 
unemp_young -5.091*** 2.316*** 0.113 -0.818*** 1.191*** 

 (0.882) (0.357) (0.136) (0.067) (0.073) 
       

Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,361.68 -21,090.56 -88,576.17 -169,706.20 -30,679.56 

      
Panel B: Unemployment by educational level 

UpperSecondaryEducationRate -12.640*** -0.857 -15.568*** -3.450*** 4.570*** 
 (3.129) (2.094) (1.875) (0.547) (0.846) 
      

TertiaryEducationRate 11.752*** 10.442*** 35.601*** 1.542 -3.735** 
 (3.039) (3.641) (4.103) (1.112) (1.579) 

       

Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,369.69 -21,088.22 -88,537.65 -169,710.90 -30,672.29 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 13. Yearly regressions with lagged unemployment rates 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1.00)  (2.00)  (3.00)  (4.00)  (5.00) 

  
Panel A: Unemployment lagged 1 year 
unemp.lag1 -3.365** 5.782*** 0.297 -2.537*** 2.643*** 

  (1.533)  (0.674)  (0.297)  (0.338)  (0.190) 
            
Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,376.01 -21,074.70 -88,576.02 -169,752.20 -30,715.38 

      
Panel B: Unemployment lagged 2 years 
unemp.lag2 -1.243 6.456*** -0.749** -0.054 2.905*** 

  (1.579)  (0.713)  (0.292)  (0.460)  (0.241) 
            
Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,378.11 -21,070.69 -88,573.21 -169,780.40 -30,740.13 

      
Panel C: Unemployment lagged 3 years 
unemp.lag3 -1.196 6.066*** -1.799*** 2.072*** 2.799*** 

  (1.488)  (0.768)  (0.330)  (0.402)  (0.302) 
            
Observations 96,316 31,968 133,359 251,906 47,461 
Log Likelihood -53,378.10 -21,080.65 -88,561.67 -169,767.10 -30,770.45 

Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 
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Appendix 14. Yearly regressions with GDP, full specification 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1.00)  (2.00)  (3.00)  (4.00)  (5.00) 

  
unemp 4.060** 1.610* 0.063 -3.030*** 2.492*** 

  (1.905)  (0.915)  (0.361)  (0.234)  (0.157) 
      

factor(SEX)1 0.370*** 0.401*** 0.424*** 0.553*** 0.195*** 
  (0.015)  (0.023)  (0.011)  (0.008)  (0.019) 
      

NATIONAL005-EU28 0.739*** 0.520*** -0.161*** -1.712*** -1.758*** 
  (0.056)  (0.184)  (0.040)  (0.056)  (0.106) 
      

NATIONALNO 
ANSWER 0.123*** 0.158*** 0.450*** -0.491*** -1.268*** 

  (0.027)  (0.051)  (0.068)  (0.017)  (0.047) 
      

factor(HHNBPERS)2 0.212***  -1.116*** -0.293*** 0.300* 
  (0.035)   (0.038)  (0.041)  (0.157) 
      

factor(HHNBPERS)3 0.297***  -1.102*** -0.110*** 0.836*** 
  (0.033)   (0.036)  (0.038)  (0.153) 
      

factor(HHNBPERS)4 0.276***  -0.962*** 0.029 1.065*** 
  (0.033)   (0.035)  (0.038)  (0.153) 
      

factor(HHNBPERS)5 0.063*  -1.204*** -0.158*** 0.994*** 
  (0.036)   (0.037)  (0.038)  (0.154) 
      

factor(HHNBPERS)6+ -0.143***  -1.635*** -0.360*** 0.767*** 
  (0.042)   (0.040)  (0.042)  (0.157) 
      

factor(HHNBPERS)NA -1.095***  -2.194*** -1.699*** -0.227 
  (0.053)   (0.068)  (0.069)  (0.189) 
      

gdp 0.032*** 0.045*** 0.072*** -0.074*** 0.017** 
  (0.004)  (0.008)  (0.010)  (0.006)  (0.008) 
      

Constant -2.734*** -2.787*** -0.178* 1.975*** -1.224*** 
  (0.191)  (0.299)  (0.100)  (0.182)  (0.229) 
      

  
Observations 96,316 31,968 133,359 251,906 47,461 

Log Likelihood -53,334.89 -21,070.75 -88,546.77 -169,652.00 -30,675.44 
Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01  
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Appendix 15. Yearly regressions split by male/female 
  Dependent variable: HigherEducation 

 Austria Denmark Hungary Italy Spain 
  (1.00)  (2.00)  (3.00)  (4.00)  (5.00) 

  
Panel A: Female 
unemp -11.286*** 3.168*** -0.365 -3.150*** 2.566*** 

  (2.239)  (0.991)  (0.456)  (0.323)  (0.217) 
  
Observations 46,923 16,616 65,127 128,070 25,154 

Log Likelihood -28,497.71 -11,336.01 -44,281.46 -86,984.27 -16,005.29 
      

Panel B: Male 
unemp 4.879* 7.074*** 2.648*** -2.007*** 2.539*** 

  (2.502)  (1.094)  (0.463)  (0.331)  (0.222) 
            
Observations 49,393 15,352 68,232 123,836 22,307 

Log Likelihood -24,732.98 -9,748.71 -44,232.34 -82,677.07 -14,666.99 
Note: The standard errors are in parentheses. The significance levels are *p<0.1; **p<0.05; ***p<0.01 

 

 
 
 
 


